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Robust evidence shows that Peer-led Team Learning (PLTL) improves the academic suc-
cess of college students in introductory Science, Technology, Engineering, and Mathematics
(STEM) courses. However, further research is needed to gain a fuller understanding of the
benefits of PLTL and the aim of this dissertation is to explore two key and understudied
questions surrounding the effects of PLTL. First, does deviating from the optimal imple-
mentation of PLTL change its effectiveness? Second, what specific outcomes, in addition to
academic success (e.g., exam scores), does PLTL improve? This dissertation will provide a
fuller picture of the impact of PLTL by examining its effect on a wide range of academic
success (e.g., exam scores), learning (e.g., conceptual knowledge, expert-like attitudes and
approaches, knowledge structure) and social-psychological (e.g., growth mindset, sense of
belonging) measures for a calculus-based introductory physics course. Furthermore, to fully
understand the differences between the PLTL and non-PLTL participants all analyses are
disaggregated by demographics (sex, race and year in college). This dissertation highlights





Peer-led Team Learning (PLTL) is one of several active-learning pedagogies, along with
Problem-Based Learning (PBL) and Process-Oriented Guided Inquiry Learning (POGIL)
that has transformed undergraduate education. PLTL’s original conception can be traced
back to the theory of social constructivism and equity [1], arguing that learners must rigor-
ously cultivate their own knowledge through equal collaboration with others [2]. Under this
framework, PLTL engages small groups of students facilitated by a trained peer leader in
90-120 minutes of cooperative problem solving each week [3–5]. Robust evidence shows that
Peer-led Team Learning (PLTL) improves the academic success of college students in intro-
ductory Science, Technology, Engineering, and Mathematics (STEM) courses [3]. However,
further research is needed to gain a fuller understanding of the benefits of PLTL and the
aim of this dissertation is to explore two key and understudied questions surrounding the
effects of PLTL. First, does deviating from the optimal implementation of PLTL change its
effectiveness? Second, what specific outcomes, in addition to academic success (e.g., exam
scores), does PLTL improve? This dissertation will provide a fuller picture of the impact
of PLTL by examining its effect on a wide range of academic success (e.g., exam scores),
learning (e.g., conceptual knowledge, expert-like attitudes and approaches, knowledge struc-
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ture) and social-psychological (e.g., growth mindset, sense of belonging) measures. In the
following sections I will describe both the optimal version of PLTL and the current PLTL
implementation, and review the PLTL literature to highlight how PLTL potentially could
benefit each one of the outcomes measured in this dissertation.
1.1 Implementation of PLTL
1.1.1 Ideal Implementation
While individual implementations of PLTL vary slightly, all successful PLTL programs
have six critical components [3, 4]:
• Close faculty involvement—A faculty member teaching the course is closely involved
in the development of the materials for the PLTL sessions and in the training of the
peer leaders.
• Program and material is integral to the course—The PLTL sessions are an essential
feature of the course and seen by students as a required weekly commitment and
beneficial for learning the material. It is essential that there is consistent workshop
participation (i.e., mandatory enrollment or mandatory attendance after electing to
participate).
• Careful selection, training and supervision of peer leaders—The PLTL leaders are care-
fully selected to be knowledgeable in the discipline, well trained on teaching/learning
techniques and closely supervised to ensure they are facilitating the PLTL sessions
properly.
• Appropriate materials for sessions—The PLTL sessions materials need to be challeng-
ing and encourage active-collaborative learning. It is important to note that since
2
most textbook problems and exercises are meant to be done individually, they are not
useful for PLTL sessions without revision. The problems given out in PLTL should
encourage discussion that addresses underlying misconceptions.
• Appropriate organizational arrangements—The size of the PLTL groups, allocated
space, time of sessions, noise levels, etc. are structured to promote learning. While
the initial PLTL model suggests groups sizes of 6-8 per peer leader, and a duration
of 90-120 minutes, multiple variations of this model have been successful [3]. This
indicates that the ratio of students to peer leaders, and duration of the PLTL sessions
may be more flexible than initially thought.
• Administrative support—PLTL sessions are supported financially by the department
and institution by funding the program and allowing time for faculty members to
implement the program.
While the existing literature recommends these six critical components, research has
not systematically explored the effects of removing one or more elements. Instead, prior
research has established only that every unsuccessful implementation of PLTL has failed
to meet at least one critical component [4]. Every attempt was made to meet these six
critical components in the current PLTL implementation. However, as discussed throughout
the introduction and in the conclusion, this implementation potentially could have been
stronger on a few of these components.
In its original conception PLTL was to be a well-integrated, required course component
for all enrolled students. While this is certainly the ideal implementation, it is difficult to
achieve in practice. Various outside factors such as limited classroom capacity and increased
student workloads have led to deviations in PLTL implementation, including introducing
optional enrollment of students into the program [3].
If PLTL is optional, once students have elected to participate and are enrolled in PLTL
3
they sign a contract agreeing to adhere to a strict set of course rules. These rules force
mandatory participation by requiring the following: regular weekly attendance, accruing no
more than two excused absences, arriving on time and prepared to apply the week’s content,
cooperative study, participation in new activities with an open mind, participation in PLTL
program evaluations, and no outside discussion of the current PLTL problems until all groups
have met for that week. Breaking these rules has consequences and can result in the student
being removed from PLTL.
In PLTL’s original form, a faculty member who is teaching the course would be in charge
of the development of workshop material, and assist in the training and supervision of the
peer leaders, in order to maintain a strong connection between PLTL and the course. The
peer leaders typically take two training courses. The first training course is required for
any peer leader in their initial semester. It covers PLTL philosophy, teaching-and-learning
research, and the skills needed to effectively facilitate collaborative problem-solving. The
second training course is taken every semester a peer leader facilitates a group. The course
gives peer leaders the opportunity to prepare for that week’s PLTL session by working the
problems in small groups using collaborative-learning strategies.
1.1.2 Current Implementation
Following precedents from the literature, the current PLTL program deviates from the
ideal PLTL model in several ways, due to institutional needs and resource limitations. Rather
than mandatory enrollment, students applied to be a part of Introductory Physics PLTL
through an online application, and based on a selection process (see Section 2.3) were placed
into a PLTL group. Ideally we would have liked to accommodate everyone who wanted
to participate in the PLTL sessions but, due to funding limitations a selection process was
made.
From the student perspective, the program generally follows the standard model after the
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selection process. However, the level of faculty involvement also differs from the standard
model. Preferably a faculty member who is teaching the course would be in charge of the
development of workshop material, but, due to teaching loads and time constraints, a PLTL
coordinator was hired to fill this role. This PLTL coordinator, who is a member of the
introductory physics instructor team, is in charge of all PLTL coordination and development
of material in order to attempt a strong connection between PLTL and the course. In a
similar fashion, the same coordinator teaches the two semester long training courses for
peer leaders and selects and hires the peer leaders. More information about the hiring and
training of the peer leaders can be found in Appendix C.1.
The current program’s groups average eleven participants including the peer leader. Al-
though this participation size is slightly larger than the standard model suggests, it is not
unusual among other PLTL programs [3]. The groups begin meeting the end of the sec-
ond week of classes and continue meeting weekly for two hours on Saturdays, Sundays, or
Mondays. In total the groups met for 11 out of the 15 weeks during the semester. After
the last session each week, the week’s problems are posted on the course website, making
them available to non-participants. In keeping with the literature, the solutions to the PLTL
problems sets are never shared with students, although instructors and teaching assistants
will help during office hours [3–6].
Having reviewed the standard and current PLTL implementations, the remainder of the
introduction will highlight the wide range of outcomes that PLTL could potentially benefit,
including academic success (e.g., exam scores), learning (e.g., conceptual knowledge, expert-
like attitudes and approaches, knowledge structure), and social-psychological (e.g., growth
mindset, sense of belonging) measures. Each of the following sections will first assume an
optimal implementation, before exploring how the specific attributes of the current PLTL
implementation could affect the results.
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1.2 Benefits of Peer-Led Team Learning (PLTL)
1.2.1 Overview of the Benefits of PLTL
A majority of the work evaluating PLTL programs has looked at the effects of PLTL
solely as they relate to academic success [3]. In these studies a wide range of measures were
used to denote academic success. The most common was course grade, but these studies
also used pass rate, rate of students receiving a grade of D, F or withdrawing from the
course (i.e., DFW rate), exam scores, and retention both in the course and into subsequent
courses. A recent review looking across 67 studies and over 10 disciplines found that STEM
courses accompanied by PLTL have greater student academic success than courses without
them, at least when the PLTL implementation effectively fosters collaborative group-work
[3]. Thus, robust evidence supports the claim that PLTL enhances academic achievement in
undergraduate STEM education, validating its widespread adoption across the disciplines,
including physics [3, 7]. This review also highlights that PLTL can positively influence
student perceptions and increase their reasoning and critical thinking skills.
That being said, a majority of these studies were done in chemistry and very little work
has explored the benefits of PLTL in physics. Only two studies to date have explored the
benefits of PLTL in physics and the results are not decisive. Both studies [8, 9] showed no
benefit for either final grades or retention when PLTL was implemented in physics. However,
there was not consistent participation in the workshops which likely caused the program
to fail [3]. This dissertation adds to the existing literature about potential benefits for
implementing PLTL in Physics.
Interestingly, a review of the PLTL literature highlights that while PLTL was not in-
tended to be a remedial program, a number of studies have reported PLTL’s effectiveness
for underprepared students [3]. Moreover, this pedagogy can be especially helpful to groups
underrepresented in STEM, including women and students from certain minority groups [3,
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8, 10–15]. Therefore all analyses in this dissertation are disaggregated by demographics to
fully understand the PLTL effects.
1.2.2 PLTL & Academic Success
As mentioned above, a recent review looking across 67 studies and over 10 disciplines
found that STEM courses accompanied by PLTL have greater student academic success than
courses without them [3]. Thus, robust evidence supports the claim that PLTL enhances
achievement in undergraduate STEM education. In these studies a wide range of measures
were used to denote academic success. The most common was course grade, but these studies
also used pass rate, DFW rate, exam scores, and retention. For the purposes of this disserta-
tion I will be using exam average as our measure of academic success. While an overwhelming
majority of the studies that have used exam scores [7, 16–21] have shown that PLTL partici-
pants significantly outperformed non-PLTL participants, very few of these studies accounted
for motivation differences between PLTL and non-PLTL participants. Chan and Bauer’s [7]
findings suggest that past reports of improved student performance with PLTL may be
a consequence of attracting students who are already motivated to take advantage of its
value. Thus, for the purposes of this dissertation, a motivation measure was administered
to account for potential motivational differences that might explain performance differences
between PLTL and non-PLTL participants.
One reason I expect PLTL to improve academic performance, as measured by exam
average, is that PLTL provides a space for students to practice solving exam-like or harder
problems. Prior work [22] has shown that students who practice solving challenging problems
do better on exams. Additionally, PLTL fosters an environment that allows for successful
group learning via a variety of mechanisms that have been shown to positively affect academic
achievement. For example, in PLTL students need to explain either how they either arrived at
an answer or why they think a certain concept or approach should be used. Then, the entire
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group discusses it. This process allows for feedback and the correction of misconceptions
which can positively affect exam performance. Furthermore, one of the first steps students
take for each problem in PLTL is to list all the concepts that are relevant to the problem.
This forces the students to repetitively retrieve all the relevant information and thus improves
their ability to recall the information which can lead to better academic performance [23].
The above arguments for how PLTL could improve academic success assumes an optimal
implementation of the program. Prior work [24, 25] suggests that group learning generates
larger improvements to academic achievement, as measured by exam average, when the
groups are heterogeneous (i.e., the students have a diverse range of backgrounds and skill
levels). While no study has explicitly looked at the heterogeneity of groups within the
context of PLTL, in general research demonstrates that underprepared students only get
a benefit when working in heterogeneous groups while mid and highly prepared students
do well regardless of group makeup [24, 25]. Due to lack of administrative support for the
current PLTL program, a range of selection criteria was used that gave priority enrollment to
students who were deemed academically at risk of failure (see Section 2.3). This resulted in
the PLTL groups not being heterogeneous and they were mostly comprised of underprepared
students. As a result of this design, it is possible that no difference would emerge in the
academic success of PLTL participants vs. non-participants.
Furthermore, in this implementation of PLTL, instead of having an actively teaching
member of the introductory physics program design the PLTL problem sets, a PLTL coor-
dinator was hired. Due to this, two major issues arose. First, the problems given out in
PLTL (see Appendix C.2 for sample PLTL problems administered in Fall 2018) were poorly
designed such that they were not at an appropriate level of difficulty, did not prompt dis-
cussion, and did not help students correct misconceptions. Because the problems did not
target the right skill level and probe misunderstandings, they might not help students gain
the necessary skills to perform better on the exams. Moreover, there was poor coordination
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of the PLTL problems and the exam problems. Specifically, the first exam was easier than
expected and had ceiling effects (75% of the students earned a B- or higher and 50% of
the students earned an A- or higher). As a result, over 100 people (50%) withdrew from
the PLTL program. Both of these specific problems can be linked to the same underlying
issue—usage of a PLTL coordinator in lieu of greater faculty involvement. Given the fact
that close faculty involvement and appropriate workshop materials are critical components
of PLTL, there could potentially be no benefit of PLTL at improving academic success. This
would be in agreement with the evidence base suggesting that appropriate materials [4] are
key in order for PLTL to enhance academic success.
1.2.3 PLTL & Conceptual Knowledge
Since its publication in 1992, the Force Concept Inventory (FCI) [26] has been one of
the most widely used concept inventories available for introductory physics. Consequently, a
growing body of research has looked at different ways to improve students’ conceptual under-
standing or knowledge. Recently, Stoen et al. [27] showed that improving students’ knowl-
edge of conceptual relations (i.e., knowledge structures), expert-like attitudes, or problem-
solving ability can lead to better conceptual knowledge as measured by the FCI. The way in
which PLTL can affect each one of those aspects is developed in other sections of this disser-
tation. However, related to these ideas, extensive prior research [3, 4, 28] has demonstrated
that PLTL sessions facilitated to focus on the conceptual underpinnings of the problems lead
to more accurate understanding of the solution and deeper understanding of the problems. In
PLTL the students go beyond just obtaining the right answer and are compelled by the peer
leaders to discuss the conceptual underpinnings of each problem. By doing this, students
can explore alternative points of view, begin to choose the best approach, ask clarifying
questions, and address any misconceptions they may have. To help facilitate this, at the
beginning of every PLTL problem students are asked to list all the relevant concepts. By
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focusing on the conceptual underpinnings, PLTL allows students to practice their reasoning
skills, making it a potentially ideal environment to improve conceptual understanding. No
previous studies have explored how implementing PLTL in physics affects conceptual knowl-
edge, but, other fields, like chemistry, have shown positive effects for gains in conceptual
knowledge from PLTL [29].
This reasoning again assumes an ideal implementation of PLTL. Based on the few ob-
servational data I have1, many groups failed to start the problems by discussing the relevant
concepts and instead took a more formulaic approach. Additionally, peer leaders appeared
to be confused about how much feedback they could give their students, with many students
leaving the sessions thinking an incorrect answer was correct. Given the research showing
that one crucial aspect of the PLTL is that it should encourage students to discuss relevant
concepts, not merely utilize equations or formulas [3, 28], along with the fact that many
students were leaving the sessions with incorrect answers, the current implementation may
have harmed students’ ability to gain conceptual understanding. These two issues were fur-
ther compounded by the implementation of homogeneous PLTL groups, due to a lack of
administrative support. As mentioned above, the current groups were mostly comprised
of underprepared students, who may have lacked enough initial understanding to generate
productive, concept-based discussions capable of deepening their understanding of the prob-
lems. Regardless of the outcome this dissertation is the first to explore the potential benefits
of PLTL in physics on conceptual understanding.
1.2.4 PLTL & Attitudes and Approaches Towards Science
Attitudinal measures, such as the Colorado Learning Attitudes about Science Survey
(CLASS) [30], can measure the extent to which one holds expert-like beliefs about, and ap-
proaches towards, physics. A growing body of research [30–41] has shown the importance
1Only one observation of the peer leaders was done midway through the semester.
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of expert-like attitudes and approaches and examined the factors that influence them. Cru-
cially, prior work [30–41] has shown that active learning environments form more expert-like
attitudes and approaches. Furthermore, two meta-analyses [42, 43] found that working in
collaborative groups leads to increased student achievement, better attitudes towards learn-
ing, and increased persistence in college classrooms. This dissertation expands this work
by exploring whether PLTL can effect expert-like attitudes about, and approaches towards,
physics.
To provide a more precise view of how PLTL impacts students’ attitudes towards sci-
ence, this dissertation extends prior work [31, 32] and uses two factors (attitudinal Learning
Approach and attitudinal Solving Approach), instead of an overall CLASS score, to examine
whether PLTL and non-PLTL participants’ self-reported attitudinal Learning Approach and
attitudinal Solving Approach differ. The attitudinal Learning Approach factor captures the
extent to which a student thinks they focus on learning underlying concepts versus specific
examples, formulas, or algorithms. The attitudinal Solving Approach factor indexes the ex-
tent to which students thinks about and use concepts while they are solving problems. It is
important to note that both these factors are student perceptions of what they are doing.
Based on previous research [7, 30–41], I would expect PLTL to enhance student attitudes
about and approaches towards physics. PLTL leaders encourage students to use underlying
concepts to solve the problems by asking students to explain how they either arrived at an
answer or why they think a certain concept or approach should be used. Furthermore, the
leaders are expected to facilitate sessions so that groups focus on the underlying principles
of each problem, suggesting that this approach would have a positive effect on student
attitudes. However, in this implementation a majority of the PLTL leaders took a formulaic
approach and facilitated the PLTL sessions focusing on equations rather than concepts.
Potentially, this could produce no benefit, or even a negative effect, of PLTL on expert-like
attitudes about, and approaches towards, physics. Crucially this has not been explored in the
11
existing literature base. Previous work in chemistry and biology has shown that successfully
implemented PLTL programs can positively effect students attitudes [44–46] but no work
has been done in the field of physics.
1.2.5 PLTL & Knowledge Structures
As new knowledge is acquired it is assimilated into an organized network called a schema
[47]. With instruction and practice a student’s schema, or knowledge structure, can become
more expert-like [47]. To attempt to model structural knowledge, educators in STEM courses
typically use multiple-choice questions, open-ended questions, or concept maps [48]. These
methods have drawbacks as well, however. For instance, in multiple-choice questions a
student can get the correct answer using faulty reasoning. Regarding concept maps, their
evaluation can be relatively subjective in nature [48, 49]. As a first step towards providing
a better assessment, researchers have created a more objective way to measure structural
knowledge using similarity ratings [50–52]. In this task students relate how similar pairs of
key concepts are using a Likert scale (For more information, see Section 2.1.3 and Appendix
B.2). For the purposes of this dissertation, I will adopt this methodology to test if PLTL
promotes the development of an expert-like knowledge structure for students enrolled in
introductory physics.
In order to motivate why I believe PLTL will affect the development of an expert-like
knowledge structure, it is first important to consider the dynamics and nature of a PLTL
group. First, the problems used in PLTL are usually multi-step quantitative problems that
require the integration of multiple concepts. They are carefully designed such that the com-
plexity of the problems does not go beyond the ability of the group but does require everyone
to contribute (i.e., they cannot be solved individually). This has been shown in previous lit-
erature [53] to be essential to promote effective group work. I believe that this same strategy
leads to the development of expert-like knowledge structure because these problems require
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the knowledge of multiple concepts. I predict that this will help students articulate how the
concepts/ideas are working together and draw connections between them.
Furthermore, PLTL fosters an environment that allows for successful group learning via
a variety of mechanisms that have been shown to benefit both those who generate the knowl-
edge and those who receive it (e.g., pooled knowledge [54], explanation [55], cross-cueing [56],
complementary knowledge [57], increasing working memory resources [58], error-correction
[59], exposure [60], relearning through retrieval [61], negotiating multiple perspectives [62]
and construction of common ground [63]). For example, in PLTL students need to explain
how they either arrived at an answer or why they think a certain concept or approach
should be used. Using explanation also allows for error correction. Furthermore, some of
these mechanisms like negotiating multiple perspectives can lead to the acquisition of more
abstract representations of the concepts therefore assisting in the development of a knowledge
structure [54].
The last aspect that could contribute in the development of an expert-like knowledge
structure is that the peer leaders are supposed to ask probing questions and prompt students
to explain and defend their reasoning. This is often times described in the literature as
elaborative interrogation (i.e., generating an explanation for why an explicitly stated fact
or concept is true) and self-explanation (i.e., explaining how new information is related to
known information, or explaining steps taken during problem solving) [63]. Previous work
has shown that elaborative interrogation and self-explanation activate schemata/knowledge
structures and helps integrate and organize new information [63, 64]. Moreover, this has
been shown to work in small groups [65, 66].
The above argument that PLTL can positively affect the development of a knowledge
structure is bolstered by a recent study showing that PLTL participants had significantly
better knowledge structures, as measured by concept maps, at the end of the course [17].
Importantly, this research shows that one crucial aspect of the PLTL problems is that it
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should encourage students to discuss concepts and relevant experiments, not merely utilize
equations or formulas [28]. Furthermore, while no solution key is ever given, students should
not leave the sessions thinking an incorrect answer is correct. Unfortunately, in the current
implementation of PLTL, anecdotal evidence/student feedback indicates that peer leaders
were not properly facilitating the groups, neglecting to ask probing questions and letting the
students leave with incorrect answers, which can hinder the development of an expert-like
knowledge structure [47]. Furthermore, the homogeneous group make-up likely hindered the
students’ ability to gain a deeper understanding of the underpinnings of the problems as they
were exposed to fewer ideas and perspectives [24, 25, 28]. Therefore, we potentially could see
no benefits of PLTL on the development of expert-like knowledge structures. Nonetheless,
this dissertation provides novel evidence regarding the impact of PLTL on the development
of student knowledge structures and the development of knowledge structures in physics
more generally.
1.2.6 PLTL & Growth Mindset
Individuals vary in their beliefs about whether human intelligence is stable or malleable.
According to Dweck [67, 68] a person can have either a fixed or a growth mindset about
intelligence. Having a fixed mindset means one believes that human intelligence is unalterable
despite efforts to change it. Alternatively, having a growth mindset means one believes that
human intelligence can be substantially changed through effort and hard work. Critically,
previous work has shown the mindset that one adopts can affect academic achievement [69–
73]. When students with a fixed mindset are faced with achievement setbacks, they are
more likely to react helplessly, have negative judgements about their intelligence, and give
up, which significantly harms their performance [74, 75]. Alternatively, having a growth
mindset means that when students begin to struggle they are more likely to embrace the
complexity of the problem and try out new strategies to learn the material [67, 69]. Moreover,
14
those with growth mindsets tend to set goals focused on the learning and mastery of new
skills while those with fixed mindsets set performance goals seeking to demonstrate their
proficiency or avoid demonstrating a lack of skill.
While a variety of interventions [71, 72] have been shown to work for improving a growth
mindset, one strategy that has grown in popularity over the last decade is the use of social-
psychological interventions to support students who are at risk of underachievement (e.g.,
[76]). Although the exact methodology can differ, all effective interventions share several key
components (see [77], for a review). Successful interventions are compelling but not aggres-
sive, encouraging students to reflect on ideas without explicitly instructing them to adopt
them. Instilling lasting change in students’ behaviors and perspectives is accomplished by
being perceptive to students’ subjective experiences all while working to change the interpre-
tations of those experiences. Simply put, to successfully intervene, the interventions target
the psychological mechanisms that underlie the societal issues or problematic behaviors they
seek to alter, and they manipulate those mechanisms in a context-appropriate way [78]. For
example, a successful intervention would encourage students to interpret their failures and
struggles as surmountable with effort and practice instead of an indication that they are
incapable of learning the material. Moreover, any intervention that encourages students to
see their academic potential as expandable and attainable with effort and practice has been
shown repeatedly to induce a growth mindset and positively affects at-risk students’ aca-
demic performance [71, 79–81]. This dissertation is the first to explicitly explore how PLTL
can affect a growth mindset. Even though this implementation of PLTL was far from ideal,
it still aimed to show students that with effort and practice they can learn the material and
therefore PLTL could be a pedagogy that helps induce a growth mindset.
That being said, it could be the case that PLTL does not promote enough meta-awareness
for it to be an effective social-psychological intervention. In other words, while PLTL does
repeatedly show students that with practice they are able to learn the material, if the students
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are not specifically reflecting on this idea there could be no change in mindset. Recent work
suggests another reason there might not be a PLTL effect on mindsets: many mindset
interventions appear to improve student performance without actually changing mindsets
[73, 82]. As noted in a recent meta-analysis [73], a number of interventions had no effect on
mindset measures. The evidence base therefore suggests that even when interventions target
student mindsets, they may not actually succeed in shifting them.
1.2.7 PLTL & Sense of Belonging
Sense of belonging or having stable, positive relationships with others is a basic human
need [83]. Prior research has shown that sense of belonging is associated with college student
motivation, achievement, and retention [84]. In particular, underrepresented student groups
in higher education and in STEM often report less belonging [85] and more uncertainty
about their belonging [86, 87]. Since we know sense of belonging can affect achievement for
underrepresented minorities, this dissertation explores whether PLTL can affect two aspects
of sense of belonging: perceived belonging and belonging uncertainty. Perceived belonging
is the degree to which a person feels connected to and accepted by other individuals, and be-
longing uncertainty is the degree to which a person feels uncertain about their belonging.
How PLTL affects sense of belonging is under-explored in the existing literature. One
study [88] found that when PLTL was incorporated into an active-learning course, students
had a higher sense of belonging at the end of the course when compared to traditional
lecture. Furthermore, another study [89] used qualitative responses and found that students
had a higher sense of belonging if they participated in PLTL. That being said, no study
has quantitatively looked at how PLTL participants differ from non-PLTL participants in
terms of sense of belonging. It is important to note that while not done in the context of
PLTL, previous work [79] suggests that I should only expect to have a selective effect for the
underrepresented student groups.
16
Since PLTL allows students to form a community of learners within a large introduc-
tory STEM course it may be a pedagogy that can increase perceived belonging and lower
belonging uncertainty. This claim is partially supported by the fact that prior research [90]
has shown that identifying with one’s group can be a intervention that offsets the negative
stereotypes that affect sense of belonging. In PLTL students work through challenging prob-
lems all while making mistakes and often times struggling to find a solution. The PLTL
leaders frequently reported students stating that they were glad they were not the only
ones struggling with the material and expressed deep satisfaction when they were able to
solve the problems. This is particularly important as this can lead students to view their
doubts about succeeding in the course as common rather than unique to them or their race
and short-term rather than permanent, which has been shown to positively affect sense of
belonging [86]. Furthermore, any intervention that encourages students to change their per-
spective and not attribute their belonging to their day-to-day adversities has been shown
repeatably to positively affect at-risk students’ academic performance [86, 87, 91].
Moreover, the weekly PLTL sessions provide an opportunity for students to combat social
isolation and loneliness by meeting other students and developing a sense of community while
building lasting friendships. Previous work [92, 93] has shown that forming this sense of
community and being able to fit into a group naturally increases sense of belonging, which
can have a positive effect on academic achievement.
Of course, such interventions are only effective if the barriers to success can in fact
be overcome. It is possible that while this implementation and PLTL as a whole does
show students that they are not alone in their doubts, it might not be enough to surmount
the other barriers impeding their success. For instance, if a student experiences a strong
stereotype threat during their lecture (e.g., lectures convey only men or Americans can be
successful at physics, only first years need resources to be successful, etc.), it can affect their
sense of belonging, thus potentially negating any positive effects of PLTL. That being said,
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this dissertation provides novel evidence regarding the impact of PLTL on sense of belonging
regardless of the outcome.
1.3 Dissertation Overview
The goal of this dissertation is to explore two understudied and key questions surrounding
the effects of PLTL in physics. First, does deviating from the optimal implementation of
PLTL change its effectiveness? Second, what specific outcomes, in addition to academic
success (e.g., exam scores), does PLTL improve? This dissertation will provide a fuller picture
of the impact of PLTL by examining its effect on a wide range of academic success (e.g.,
exam scores), learning (e.g., conceptual knowledge, expert-like attitudes and approaches,
knowledge structure) and social-psychological (e.g., growth mindset, sense of belonging)
measures. As developed in the preceding sections PLTL could potentially enhance all these
outcomes. In order to explore the potential benefits of PLTL, two separate exploratory
analyses were done (see Section 2.4 for more information). The first analysis compares all
PLTL and non-PLTL participants in the Fall 2018. The second analysis compares a subset
of the non-PLTL participants from Fall 2018 that matched the preparation level of the PLTL
participants from Fall 2018. Furthermore, to fully understand the differences between the
PLTL and non-PLTL participants all analyses are disaggregated by demographics (sex, race





2.1.1 Force Concept Inventory1
The Force Concept Inventory (FCI) [26] is a 30-question multiple-choice test that assesses
conceptual knowledge for topics covered in the fall semester (i.e., Newtonian mechanics).
Students completed the FCI near the beginning and the end of the course and the FCI score
is the proportion of items a student answered correctly (maximum value = 1).
2.1.2 Colorado Learning Attitudes about Science Survey1
The Colorado Learning Attitudes about Science Survey (CLASS) [94] contains 42 Likert-
scale questions anchored at 1 (strongly disagree) and 5 (strongly agree). These items ask
about students’ agreement with statements related to their perceptions of physics and learn-
ing physics, and scores reflect the extent to which students’ perceptions match those of
experts. Of these 42 items, 5 lack expert consensus and 1 is used to test if the participant is
reading the questions, thus only 36 items are used to determine overall CLASS score. In line
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with previous research [31], 12 of these items were used to compute a Learning Approach
score and 12 separate items were used to compute a Solving Approach score (see Appendix
B.1 for items). These two scores were used as the primary attitudinal measures in this dis-
sertation. Each measure ranges from 0 to 1 with a higher score indicating more expert-like
attitudes. Students completed the CLASS survey near the beginning and the end of the
course.
2.1.3 Similarity Ratings1
Students completed a similarity rating task, which is used to construct a model of stu-
dents’ knowledge structures and then these structures are compared to those of experts.
For this task, a set of 15 key physics concepts was developed with input from three physics
experts who taught or worked with the introductory physics series. First, two different in-
troductory physics instructors’ independently generated lists of key physics terms. Second,
a third expert combined the lists into one that consisted of only overlapping key terms. This
list was then checked to make sure all topics were covered in the course, resulting in the final
list of 15 key terms (see Appendix B.2 for a list of concepts). Using 15 terms is consistent
with previous research [48, 51, 95].
Towards the end of introductory physics I, students rated the similarity between all
possible pairs of these 15 concepts, resulting in 105 total relatedness judgments on a scale
from 1 (highly unrelated) to 7 (highly related). To ensure that students utilized the full
scale, they were presented with the list of key terms before completing the task and were
asked to choose both a highly related and highly unrelated pair of terms to serve as anchors
(see Appendix B.2 for similarity task instructions). After completing the entire rating task,
each student’s matrix of similarity ratings was entered into Pathfinder [96], which is an open-
source software developed by Schvaneveldt [95, 96] that takes a matrix of similarity ratings
1This section is reproduced from [27] © 2020 American Physical Society.
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as input and produces a network representing the relatedness among these key terms. This
network is a spatial representation of relatedness among the items, with less related items
separated by larger distances.
To produce a network, Pathfinder uses two parameters q and r to search the terms (nodes)
and find the closest direct path. A link only remains if it is the most direct path between two
concepts. The length of a path is defined by the r parameter which has an inverse relationship
with the number of displayed links. As r decreases, links are added to the network; when
r = ∞, the number of links in a network is minimized. The maximum number of links
allowed and the density of the network is defined by the parameter q. Keeping with previous
literature, we chose parameter values which generate the simplest network in Pathfinder [96],
which occurs when r = ∞ and q = n− 1, where n is equal to the number of terms [48].
Typically, these networks are then compared to an “expert network,” which is an average
of multiple experts’ networks, in order to determine how similar one’s network is to the
average expert network. One index of network similarity is Path Length Correlation (PLC),
which is a measure of how the between-concept distances in one network correlate with
those same distances in another network (usually an expert network). A second index,
neighborhood similarity (NS), measures the similarity in how nodes are grouped. In essence,
NS captures the similarity between networks in terms of which concepts/nodes are clustered
together. Both PLC and NS range from 0 to 1.
For this study, three professors at Washington University in Saint Louis, who have taught
or are currently teaching introductory physics, made similarity ratings on the 15 key terms,
and Pathfinder networks were produced. The internal consistency, or coherence, of each
individual network was then checked, with all achieving acceptable levels of coherence (≥ 0.2
[48]; see Table 2.1). The experts’ networks were then averaged by the Pathfinder program
to produce an average expert network. As a check that the average expert network was
representative of individual experts, each individual expert network was then compared to
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this average network to make sure each had acceptable PLC (> 0.5 [97]) and NS (> 0.4
[48, 95]) levels with respect to the average network. As shown in Table 2.1, all experts had
acceptable PLC and NS levels, so the average network from the three experts was retained
and used as the comparison expert network in computing PLC and NS scores for individual
students.
Expert 1 Expert 2 Expert 3
Coherence 0.325 0.384 0.426
PLC 0.804 0.883 0.890
NS 0.771 0.659 0.758
Table 2.1: The coherence and consistency of each expert’s network with the average-expert
network (averaged across the three experts). Table reproduced from [27].
2.1.4 Growth Mindset
The Mindset Assessment Profile (MAP) [98] was developed by Mindset Works, Inc.2 and
consists of 8-items as shown in Appendix B.3 with items 4 and 6 taken from the Theories of
Intelligence Scale (TIS) [99]. This instrument was selected through collaboration between the
physics department and he Center for Integrative Research on Cognition, Learning and Edu-
cation (CIRCLE)3 in order to obtain a more effective measure of mindset due to ceiling effects
with TIS and to explore other research questions beyond the scope of this dissertation.
Students completed the growth mindset measure near the beginning and the end of the
course and students were asked to indicate how much they agreed or disagreed with each of
the statements on a Likert-scale anchored at 1 (strongly disagree) and 6 (strongly agree).
A total score was then calculated with a higher score indicating a more growth mindset
(maximum value = 48). While the MAP measure is not validated and has been shown to




been used in other studies [100, 101] and another project being conducted by CIRCLE on
internal medical residents showed a significant large correlation between a validated growth
mindset measure, TIS, and MAP: r(82) = 0.51, p < 0.001.
2.1.5 Sense of Belonging
The sense of belonging measure contained two sub-scales: perceived belonging and be-
longing uncertainty which are shown in Appendix B.4. The perceived belonging scale con-
tained four-items developed from multiple sources [86, 87, 102] and the belonging uncertainty
scale used two-items that had been previously validated [87]. After assessing the validity
of this two factor structure for sense of belonging [103, 104], composite scores for perceived
belonging and belonging uncertainty were used as the primary measures of sense of belong-
ing4.
Each measure ranged from 1 to 6 with a higher score indicating greater perceived belong-
ing or a higher degree of uncertainty about their belonging. Students completed the sense
of belonging measures near the beginning and the end of the course and using a Likert-
scale students were asked to indicate how much they agreed or disagreed with each of the
statements shown in Appendix B.4 anchored at 1 (strongly disagree) and 6 (strongly agree).
2.1.6 Big Five Inventory
The Big Five Inventory (BFI) [105] is a commonly used personality assessment that con-
tains 44 Likert-scale questions anchored at 1 (strongly disagree) and 5 (strongly agree). It is
a self-report inventory designed to measure an individual on the big five factors/dimensions
of personality [106]: extraversion, agreeableness, conscientiousness, neuroticism, and open-
ness. For each of the five dimensions an average score was calculated ranging from 1 to
5 with a higher score indicating a stronger tendency towards that personality trait. More
4Information on the assessing of the validity of the two factor structure is shown in Appendix B.4.3
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information about the BFI items can be found in Appendix B.5. This dissertation used the
BFI to obtain a measure of conscientiousness and neuroticism, in order to test if their were
personality differences among the PLTL participants and non-PLTL participants. Students
completed the BFI near the beginning of the course.
2.1.7 Motivation
The motivation measure consisted of 6 items that were developed from two validated
sources: the Motivated Strategies for Learning Questionnaire (MSLQ) [107] and the Patterns
of Adaptive Learning Scales (PALS) [108]. Using a Likert-scale anchored at 1 (strongly
disagree) and 6 (strongly agree), students were asked to indicate how much they agreed or
disagreed with each of the statements shown in Appendix B.6. An average motivation score
was then calculated and it ranged from 1 to 6 with a higher score indicating students were
more motivated. Originally this measure was developed and administered in introductory
psychology at Washington University in St. Louis. In that course, we found the measure to
be reliable with a cronbach’s alpha = 0.76 at the beginning of the course. Additionally, at
the beginning of the course, we found that students who were taking the course for credit
were significantly (p = 0.002) more motivated (M = 4.719, SD = 0.729) than students
who were taking the course pass/fail (M = 4.226, SD = 0.930), and psychology majors
were significantly (p < 0.001) more motivated (M = 5.048, SD = 0.644) than non-majors
(M = 4.468, SD = 0.811). Furthermore we found that incoming motivation was correlated
with attention (r = 0.25), participation in the course (r = 0.28), affective engagement
(r = 0.48), and only slightly correlated with conscientiousness (r = 0.18). This leads us to
believe this measure is indeed measuring motivation and not just conscientiousness. As a




This dissertation used two academic preparation variables—ACT Math and AP Propor-
tion which have been shown to correlate with achievement [109–112]. ACT math indexes
students’ mathematical abilities (maximum value = 36) and AP Proportion serves as a
proxy for students’ high-school experience with more rigorous, college-preparatory course-
work5. AP Proportion reflects the proportion of STEM-related AP exams (Biology, Calculus,
Chemistry, and Physics) where a student earned a score of 4 or 5. For each AP exam where
the student excelled, their AP Proportion score increased by 0.25 points (maximum value
= 1). Both AP proportion and ACT Math were used as the primary academic preparation
measures in this dissertation.
2.2 Course Curriculum
In Fall 2018 PLTL was offered as an optional supplemental program. The course textbook
was Physics for Scientists and Engineers: A Strategic Approach with Modern Physics [114],
and the course was designed to develop a deeper understanding of physics concepts and
fundamental physics principles as well as develop quantitative problem-solving skills. To
achieve these learning goals, the course used mini-lectures and interactive engagement (IE)
activities such as demonstrations (including making predictions), two-minute problems, and
group work. The two-minute problems were multiple-choice or true-false problems and a
majority were taken from the textbook or Mazur’s ConcepTests [115]. These two-minute
problems were designed to focus on misconceptions and on conceptual ideas in the course.
Depending on the instructor, IE activities represented 40% – 60% of class time, and could
include some quantitative problem solving. The remainder of class time was spent on mini-
5For students without ACT Math scores, concordance tables were used to convert SAT Math scores to
ACT Math scores[113].
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lectures that could include instructor-led examples and derivations. Additionally, once a
week, the students had online interactive instructional videos covering the required readings
via FlipItPhysics [116] as well as written weekly homework with multi-step quantitative
problems. The course spent about 75% (36 class hours) of the time covering mechanics and
the remainder on relativity. Furthermore, the course had 3 non-cumulative exams and for
more information about this curriculum please see Appendix A.1 for the course syllabus.
2.3 Procedure
At the beginning of the Fall 2018 semester, students applied to be part of the optional
PLTL program. Due to the limited availability of PLTL groups a range of selection criteria
was created to select PLTL participants. First every student who reported never taking a
physics course, or was repeating the course, was placed into a group. Afterwards, every
physics major was placed into a group along with anyone that had an ACT Math score in
the lowest quartile (31 and below). Finally, remaining students were placed into groups to
make the average preparation level the same for all groups. This means that in terms of final
group make up every group had an average ACT Math score of 32, and half the students
had taken AP Physics.
Furthermore, students who completed both the FCI and CLASS were allowed to replace
one nonzero lab grade with a perfect score, and slightly less than 1% course credit was given
for completing the similarity rating task, BFI, growth mindset and belonging measures. All
instruments were completed online with the FCI and CLASS completed during the first 2-3
weeks of the 15-week semester and again during weeks 13 and 14. Furthermore, the growth
mindset, and belonging measures were completed during week 2 and again during week 15.
The BFI was completed during week 2 and similarity rating task was completed during week
15; this was 3 weeks after all key topics on the task were covered in the course. Figure 2.1
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shows a visual timeline of the study procedures.
Figure 2.1: Visual timeline of the study procedures.
2.4 Analytic Strategy
The main goal of this dissertation was to evaluate the implementation of a PLTL program
for a calculus-based introductory physics course at Washington University in Saint Louis.
To this end, I evaluated the effects of this implementation on a wide range of academic
success (e.g., exam scores), learning (e.g., conceptual knowledge, CLASS, similarity ratings)
and social-psychological (e.g., growth mindset, sense of belonging) measures.
As mentioned in Section 2.3 PLTL participants were selected based on specific criteria
rather than randomly. As a result, the PLTL and no PLTL groups likely had pre-existing
differences, and the evaluation needed to account for this. Accordingly, I conducted a series
of analyses to determine the incoming preparation, personality, and demographic variables
that differed significantly between the PLTL and no PLTL groups. Independent samples
t-tests were conducted to test for group differences on continuous measures (i.e., ACT Math,
AP proportion, conscientiousness, neuroticism, and motivation); χ2 tests for independence
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were conducted to test for group differences on categorical variables (i.e., sex, race, year in
college and major). Continuous variables that differed significantly between the groups were
subsequently included as covariates in the primary analyses and these results are reported
in Table 2.2 and Table 2.3.
After determining these pre-existing group differences, two primary sets of analyses were
run: initial analyses comparing PLTL participants to all non-PLTL students and additional
analyses comparing PLTL participants to a subset of non-PLTL students selected to match
the PLTL sample on preparation level. In order to conduct the match-sample analyses, I
paired each PLTL participant with a non-PLTL participant that identically matched them on
ACT Math and AP proportion score. If more than one match was found, one was randomly
selected for inclusion in the analysis.
In both sets of analyses, I compared PLTL and non-PLTL students on all learning and
social-psychological measures, adjusting for all relevant preparation, personality and motiva-
tion indices, and disaggregating by demographics (sex, race and year in college). Outcomes
measured at a single point in time (i.e., exam average, PLC and NS) were analyzed with
between-subjects analysis of covariance (ANCOVA). Analysis of covariance (ANCOVA) is a
general linear model. ANCOVA evaluates whether the means of a dependent variable (DV)
are equal across levels of categorical independent variables (IV), while statistically control-
ling for the effects of other continuous variables that are not of primary interest, known as
covariates. Mathematically, ANCOVA decomposes the variance in the DV into variance ex-
plained by the covariates, variance explained by the categorical IVs (Sum of Squaresbetween),











Outcomes with both pre-course and post-course measurements (i.e., FCI, learning ap-
proach, solving approach, growth mindset, perceived belonging and belonging uncertainty)
were analyzed using a multi-level model, in which multiple observations (pre and post) were
nested within each student and time was a fixed effect6.
To ensure that each effect can be assessed after controlling for all other effects type III
sum of squares ANOVA was used. Type III sums of squares ANOVA assesses the variation
explained by a term after all other terms have been accounted for. This allows assessment
of each term’s unique effect regardless of what order terms are entered into the model.
All statistical analyses were conducted using the open-source software R [120]. Analyses
of variance (ANOVAs) were computed using built-in functions (e.g., aov), and mixed-effects
models were computed with the lmer function from the package lme4 [121], with associated
type III ANOVA tables and p-values obtained with the package lmerTest [122]. LmerTest
modifies the lmer function by allowing the model fixed effects to be expressed as a type III
ANOVA table and coefficient p-values to be computed with the Satterthwaite method used
by SAS.
Furthermore, most of the analyses were purely exploratory. Based upon existing litera-
ture, for each analysis I only expected one effect to appear—either a main effect of PLTL
participation (e.g., in a between-subjects model) or a interaction between PLTL participa-
tion and timing (e.g., in a multi-level model) therefore significance was evaluated with α =
0.05 for these effects. For other effects because no specific hypotheses were being tested,
no specific alpha was set; instead I just considered p-values less than 0.05 to signal possible
effects that should be considered for future hypotheses.
6Unfortunately, due to the way that variance is partitioned in linear mixed models [117], there does not
exist an agreed upon way to calculate standard effect sizes for individual model terms such as main effects
or interactions. I nevertheless decided to primarily employ mixed models in this analysis, because mixed
models are vastly superior in controlling for Type I errors than alternative approaches and consequently
results from mixed models are more likely to generalize to new observations [118, 119]
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2.5 Sample
2.5.1 Analysis I: Full Sample
All non-consenting students were removed from this analysis as well as students who
only partially completed the PLTL program (i.e., students who attended 1 or more sessions
but less than 8 out of 11 offered PLTL sessions). Table 2.2 shows the breakdown of student
demographics for Fall 2018 by participation group as well as the entire sample. Furthermore,
Table 2.2 shows the differences in academic preparation, personality traits and motivation
for the two groups as well as the entire sample. As you can see from Table 2.2 there are
significant differences in academic preparation between the PLTL and non-PLTL participants
but no significant differences in motivation, conscientiousness or neuroticism.
2.5.2 Analysis II: Matched Sample
All non-consenting students were removed from this analysis as well as anyone who only
partially completed the PLTL program (i.e., students who attended 1 or more sessions but
less than 8 out of 11 offered PLTL sessions). Next I obtained a subset of the non-PLTL
participants from Fall 2018 that identically matched the preparation level (as measured by
AP proportion and ACT Math) of the PLTL participants from Fall 2018. Table 2.3 shows
the breakdown of student demographics by participation group for the subsetted Fall 2018
sample as well as the entire sample. Furthermore, Table 2.3 shows no differences in academic




















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 3.1 shows the Pearson correlations (r) between all the measures. Correlations
measure the association between two continuous variables. The traditional convention is
that 0.1 indicates a small correlation, 0.3 indicates a medium correlation and 0.5 indicates
a large association [123]. Overall the correlations indicate that the measures are related
but not redundant with each other except for the two measures of structural knowledge,
PLC and NS. The large correlation between PLC and NS (r = 0.728) suggests that they are
measuring the same underlying construct—knowledge of conceptual relations (i.e., knowledge
structures).
3.2 Analysis I: Full Sample
In the following sections I will display the results for each of the academic success (e.g.,
exam average), learning (e.g., FCI, solving approach, learning approach, PLC, NS) and
social-psychological (e.g., growth mindset, perceived belonging, belonging uncertainty) out-
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comes. Since the focus of this dissertation is how these measures interact with PLTL, I will
only report the main effects of PLTL and interactions involving PLTL, but the full effects
are shown in the ANOVA tables. It is important to note that most of the analyses done in
this dissertation were purely exploratory. Based upon existing literature, for each analysis
I only expected one effect to appear—either a main effect of PLTL participation (e.g., in
a between-subjects model) or a interaction between PLTL participation and timing (e.g.,
in a multi-level model) therefore significance was evaluated with α = 0.05 for these effects.
For other effects because no specific hypotheses were being tested, no specific alpha was
set; instead I just considered p-values less than 0.05 to signal possible effects that should be
considered for future hypotheses.
Outcomes measured at a single point in time (i.e., exam average, PLC and NS) were
analyzed with between-subjects analysis of covariance (ANCOVA) with PLTL participation,
sex, race and year in college as the between-subjects variables, controlling for ACT Math and
AP proportion. Outcomes with both pre- and post-course measurements (i.e., FCI, learning
approach, solving approach, growth mindset, perceived belonging and belonging uncertainty)
were analyzed using a multi-level model, in which multiple observations (pre and post) were
nested within each student and time, PLTL participation, sex, race and year in college as
fixed effects, controlling for ACT Math and AP proportion. For each measure I will first
show the ANOVA table followed by the descriptive statistics for the PLTL and non-PLTL
participants separately broken down by sex, year in college and race. For the full descriptive
statistics please see Appendix D and Table D.1 displays the full adjusted means and PLTL
group difference for the main inferential statistics. When appropriate, partial eta-squared
(η2p) provides effect-size estimates, with .01, .06, and .14 serving as the thresholds for small,
medium, and large effect sizes, respectively [123].
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3.2.1 PLTL & Exam Average
Table 3.2 shows the Type III ANOVA table of the between-subjects model with exam
average as the dependent variable. Furthermore, Table 3.3 shows the selected descriptive
statistics (see Table D.2 for the full descriptive statistics). There was no significant PLTL
main effect and no interactions involving PLTL reached a p-value less than 0.05. When
looking at the main inferential statistic, the main effect of PLTL participation, we see a
very small difference between the PLTL participants (M=82.9) and non-PLTL participants
(M=79.7) (∆=3.2).
3.2.2 PLTL & FCI
Table 3.4 shows the Type III ANOVA table of the fixed effects from the multi-level model
with FCI as the dependent measure. Furthermore, Table 3.5 shows the selected descriptive
statistics (see Table D.3 for the full descriptive statistics). There was a significant interaction
of PLTL participation and timing (pre vs. post), F(1, 314) = 3.977, p = 0.047, such that
the PLTL participants gained more conceptual knowledge (∆ = 0.082) than the non-PLTL
participants (∆ = 0.038). However, this interaction reflects a very small difference (0.044
points) in the conceptual knowledge gains made by PLTL participants and non-participants.
While not significant the PLTL participants started out slightly lower on conceptual knowl-
edge and ended up slightly higher than non-PLTL participants. Furthermore both groups
significantly improved from pre- to post-course (t(314) = −3.071, p = 0.012 for the non-
PLTL participants, and t(314) = −4.366, p < 0.001 for the PLTL participants). Figure 3.1
shows a bar plot and Figure 3.2 shows a box and whisker plot of the effect.
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Figure 3.1: FCI score by PLTL participation and timing (pre vs. post). Error bars represent
the standard error.
36
Figure 3.2: FCI score by PLTL participation and timing (pre vs. post). Every point repre-
sents a single data point. The dark line represents the median and the box surrounds the
1st and 3rd quartiles with the upper whisker extending from the hinge to the largest value
no further than 1.5 * IQR from the hinge (where IQR is the inter-quartile range, or distance
between the first and third quartiles). The lower whisker extends from the hinge to the
smallest value at most 1.5 * IQR of the hinge.
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3.2.3 PLTL & Solving Approach
Table 3.6 shows the Type III ANOVA table of the fixed effects from the multi-level
model with solving approach as the dependent measure. Furthermore, Table 3.7 shows the
selected descriptive statistics (see Table D.4 for the full descriptive statistics). There was no
significant interaction between PLTL participation and timing, F (1, 303) = 2.689, p = 0.102,
reflecting a very small difference (0.046 points) in attitudinal solving approach gains made
by PLTL participants and non-participants. However, the main effect of PLTL participation
reached a p-value less than 0.05, F (1, 301) = 9.160, p = 0.003, highlighting that those who
are enrolled in PLTL had a higher attitudinal solving approach both at the beginning and
end of the course. Future research should explore if this replicates. In order to show how
the groups started and ended, Figures 3.3 and 3.4 show a bar plot and box and whisker plot,
respectively, at two time points (pre and post) while illustrating the main effect of PLTL
participation.
38
Figure 3.3: Solving approach by PLTL participation and timing (pre vs. post). Error bars
represent the standard error.
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Figure 3.4: Solving approach score by PLTL participation and timing (pre vs. post). Every
point represents a single data point. The dark line represents the median and the box
surrounds the 1st and 3rd quartiles with the upper whisker extending from the hinge to
the largest value no further than 1.5 * IQR from the hinge (where IQR is the inter-quartile
range, or distance between the first and third quartiles). The lower whisker extends from
the hinge to the smallest value at most 1.5 * IQR of the hinge.
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3.2.4 PLTL & Learning Approach
Table 3.8 shows the Type III ANOVA table of the fixed effects from the multi-level model
with attitudinal learning approach as the dependent measure. Furthermore, Table 3.9 shows
the selected descriptive statistics (see Table D.5 for the full descriptive statistics). When
looking at the main inferential statistic, there was no significant interaction between PLTL
participation and timing (pre vs. post), reflecting a very small difference (0.045 points)
in attitudinal learning approach gains between PLTL participants and non-participants.
Furthermore, no PLTL main effect, or interactions involving PLTL, reached a p-value less
than 0.05.
3.2.5 PLTL & PLC
Table 3.10 shows the Type III ANOVA table of the between-subjects model with PLC
as the dependent variable. Furthermore, Table 3.11 shows the selected descriptive statistics
(see Table D.6 for the full descriptive statistics). There was a significant main effect of
PLTL participation, F (1, 343) = 4.246, MSE = 0.015, p = 0.040, η2p= 0.012 such that the
non-PLTL participants had significantly more expert-like knowledge structures than PLTL
participants, as measured by PLC. However the actual difference between the two groups is
very small (0.029 points). No other interactions involving PLTL reached a p-value less than
0.05. Figures 3.5 and 3.6 respectively show a bar plot and box and whisker plot of the effect.
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Figure 3.5: Main Effect of PLTL participation with PLC as the dependant measure. Error
bars represent the standard error.
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Figure 3.6: PLC score by PLTL participation. Every point represents a single data point.
The dark line represents the median and the box surrounds the 1st and 3rd quartiles with
the upper whisker extending from the hinge to the largest value no further than 1.5 * IQR
from the hinge (where IQR is the inter-quartile range, or distance between the first and third
quartiles). The lower whisker extends from the hinge to the smallest value at most 1.5 *
IQR of the hinge.
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3.2.6 PLTL & NS
Table 3.12 shows the Type III ANOVA table of the between-subjects model with NS as
the dependent variable. Furthermore, Table 3.13 shows the selected descriptive statistics
(see Table D.7 for the full descriptive statistics). There was no significant PLTL main
effect and no interactions involving PLTL reached a p-value less than 0.05. When looking
at the main inferential statistic, the main effect of PLTL participation, we see a very small
difference between the PLTL participants (M=0.406) and non-PLTL participants (M=0.428)
(∆=0.022).
3.2.7 PLTL & Growth Mindset
Table 3.14 shows the Type III ANOVA table of the fixed effects from the multi-level model
with growth mindset as the dependent measure. Furthermore, Table 3.15 shows the selected
descriptive statistics (see Table D.8 for the full descriptive statistics. When looking at the
main inferential statistic, there was no significant interaction between PLTL participation
and timing (pre vs. post) reflecting the no difference (0 points) in mindset between the
PLTL participants and non-participants. Furthermore, no PLTL main effect, or interactions
involving PLTL, reached a p-value less than 0.05.
3.2.8 PLTL & Perceived Belonging
Table 3.16 shows the Type III ANOVA table of the fixed effects from the multi-level
model with perceived belonging as the dependent measure. Furthermore, Table 3.17 shows
the selected descriptive statistics (see Table D.9 for the full descriptive statistics). When
looking at the main inferential statistic, there was no significant interaction between PLTL
participation and timing (pre vs. post) reflecting the very small difference (0.140 points)
in perceived belonging declines between the PLTL participants and non-participants. Fur-
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thermore, no PLTL main effect, or interactions involving PLTL, reached a p-value less than
0.05.
3.2.9 PLTL & Belonging Uncertainty
Table 3.18 shows the Type III ANOVA table of the fixed effects from the multi-level
model with belonging uncertainty as the dependent measure. Furthermore, Table 3.19 shows
the selected descriptive statistics (see Table D.10 for the full descriptive statistics). When
looking at the main inferential statistic, there was no significant interaction between PLTL
participation and timing (pre vs. post) reflecting the very small difference (0.090 points)
in belonging uncertainty gains between the PLTL participants and non-participants. Fur-
thermore, no PLTL main effect, or interactions involving PLTL, reached a p-value less than
0.05.
3.3 Analysis II: Matched Sample
As done above, I will display the results for each academic success (e.g., exam average),
learning (e.g., FCI, solving approach, learning approach, PLC, NS) and social-psychological
(e.g., growth mindset, perceived belonging, belonging uncertainty) outcomes. The only
difference is in this analysis I used a subset of the non-PLTL participants that identically
matched the preparation level of the PLTL participants. Therefore, the between-subjects
model and the multi-level model no longer control for the two preparation indices of ACT
Math and AP proportion. As before, most of the analyses done in this disseration were purely
exploratory. Based upon existing literature, for each analysis I only expected one effect to
appear—either a main effect of PLTL participation (e.g., in a between-subjects model) or a
interaction between PLTL participation and timing (e.g., in a multi-level model) therefore
significance was evaluated with α = 0.05 for these effects. For other effects because no specific
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hypotheses were being tested, no specific alpha was set; instead I just considered p-values
less than 0.05 to signal possible effects that should be considered for future hypotheses.
3.3.1 PLTL & Exam Average
Table 3.20 shows the Type III ANOVA table of the between-subjects model with exam
average as the dependent variable. Furthermore, Table 3.21 shows the selected descrip-
tive statistics (see Table D.11 for the full descriptive statistics. When looking at the main
inferential statistic, there was not a significant main effect of PLTL participation reflect-
ing a very small difference in exam averages (1.6 points) between PLTL participants and
non-participants. However, the interaction of PLTL participation with year in college,
F (1, 199) = 10.840, MSE = 107.55, p = 0.001, η2p= 0.052 reached a p-value less than
0.05. This interaction showed that for first year students there was a performance advan-
tage, as measured by exam average, of PLTL participation, t(199) = −2.841, p = 0.025.
This performance advantage didn’t appear for upper year students but they are doing well
regardless of PLTL participation, t(199) = 1.723, p = 0.314. Future research should explore
if this replicates and Figures 3.7 and 3.8 respectively show a bar plot and box and whisker
plot of the effect.
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Figure 3.7: Interaction of PLTL participation and year in college with exam average as the
dependant measure. Error bars represent the standard error.
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Figure 3.8: Exam average by PLTL participation and year in college. Every point represents
a single data point. The dark line represents the median and the box surrounds the 1st and
3rd quartiles with the upper whisker extending from the hinge to the largest value no further
than 1.5 * IQR from the hinge (where IQR is the inter-quartile range, or distance between
the first and third quartiles). The lower whisker extends from the hinge to the smallest value
at most 1.5 * IQR of the hinge.
48
3.3.2 PLTL & FCI
Table 3.22 shows the Type III ANOVA table of the fixed effects from the multi-level
model with FCI as the dependent measure. Furthermore, Table 3.23 shows the selected
descriptive statistics (see Table D.12 for the full descriptive statistics). When looking at the
main inferential statistic, there was no significant interaction between PLTL participation
and timing (pre vs. post) reflecting the very small difference (0.051 points) in conceptual
knowledge gains between the PLTL participants and non-participants. Furthermore, no
PLTL main effect, or interactions involving PLTL, reached a p-value less than 0.05.
3.3.3 PLTL & Solving Approach
Table 3.24 shows the Type III ANOVA table of the fixed effects from the multi-level model
with attitudinal solving approach as the dependent measure. Furthermore, Table 3.25 shows
the selected descriptive statistics (see Table D.13 for the full descriptive statistics).There
was no significant interaction between PLTL participation and timing, F (1, 139) = 2.875,
p = 0.092, reflecting a very small difference (0.063 points) in attitudinal solving approach
gains made by the PLTL participants and non-participants. However, the main effect of
PLTL participation reached a p-value less than 0.05, F (1, 139) = 6.467, p = 0.012, showing
that those who are enrolled in PLTL have a higher attitudinal solving approach both at the
beginning and end of the course. Future research should explore if this replicates. In order
to show how the groups started and ended Figure 3.9 and 3.10 show a bar plot and box
and whisker plot, respectively, at two time points (pre and post) while illustrating the main
effect of PLTL participation.
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Figure 3.9: Solving approach by PLTL participation and timing (pre vs. post). Error bars
represent the standard error.
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Figure 3.10: Solving approach by PLTL participation and timing (pre vs. post). Every point
represents a single data point. The dark line represents the median and the box surrounds
the 1st and 3rd quartiles with the upper whisker extending from the hinge to the largest
value no further than 1.5 * IQR from the hinge (where IQR is the inter-quartile range, or
distance between the first and third quartiles). The lower whisker extends from the hinge to
the smallest value at most 1.5 * IQR of the hinge.
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3.3.4 PLTL & Learning Approach
Table 3.26 shows the Type III ANOVA table of the fixed effects from the multi-level model
with attitudinal learning approach as the dependent measure. Furthermore, Table 3.27 shows
the selected descriptive statistics (see Table D.14 for the full descriptive statistics). When
looking at the main inferential statistic, there was a significant interaction between PLTL
participation and timing (pre vs. post), F (1, 139) = 5.603, p = 0.019 such that PLTL
participants become significantly more expert-like in their attitudinal learning approach,
t(139) = −2.755, p = 0.033 and non-PLTL participants stay the same, t(139) = 0.563,
p = 0.943. However, this interaction reflects a very small difference (0.080 points) in the
attitudinal learning approach gains made by PLTL participants and non-participants. Figure
3.11 shows a bar plot and Figure 3.12 shows a box and whiker plot of the effect.
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Figure 3.11: Interaction of PLTL participation and timing (pre vs. post) with learning
approach as the dependant measure. Error bars represent the standard error.
53
Figure 3.12: Learning approach by PLTL participation and timing (pre vs. post). Every
point represents a single data point. The dark line represents the median and the box
surrounds the 1st and 3rd quartiles with the upper whisker extending from the hinge to
the largest value no further than 1.5 * IQR from the hinge (where IQR is the inter-quartile
range, or distance between the first and third quartiles). The lower whisker extends from
the hinge to the smallest value at most 1.5 * IQR of the hinge.
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3.3.5 PLTL & PLC
Table 3.28 shows the Type III ANOVA table of the between-subjects model with PLC as
the dependent variable. Furthermore, Table 3.29 shows the selected descriptive statistics (see
Table D.15 for the full descriptive statistics). There was no significant PLTL main effect and
no interactions involving PLTL reached a p-value less than 0.05. When looking at the main
inferential statistic, the main effect of PLTL participation, we see a very small difference
between the PLTL participants (M=0.458) and non-participants (M=0.489) (∆ = 0.031).
3.3.6 PLTL & NS
Table 3.30 shows the Type III ANOVA table of the between-subjects model with NS as
the dependent variable. Furthermore, Table 3.31 shows the selected descriptive statistics (see
Table D.16 for the full descriptive statistics). There was no significant PLTL main effect and
no interactions involving PLTL reached a p-value less than 0.05. When looking at the main
inferential statistic, the main effect of PLTL participation, we see a very small difference
between the PLTL participants (M=0.394) and non-participants (M=0.418) (∆ = 0.024).
3.3.7 PLTL & Growth Mindset
Table 3.32 shows the Type III ANOVA table of the fixed effects from the multi-level model
with growth mindset as the dependent measure. Furthermore, Table 3.33 shows the selected
descriptive statistics (see Table D.17 for the full descriptive statistics). When looking at the
main inferential statistic, there was no significant interaction between PLTL participation
and timing (pre vs. post) reflecting a very small difference (0.5 points) in mindset gains
between the PLTL participants and non-participants. Furthermore, no PLTL main effect,
or interactions involving PLTL, reached a p-value less than 0.05.
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3.3.8 PLTL & Perceived Belonging
Table 3.34 shows the Type III ANOVA table of the fixed effects from the multi-level model
with perceived belonging as the dependent measure. Furthermore, Table 3.35 shows the
selected descriptive statistics (see Table D.18 for the full descriptive statistics). There was no
significant interaction between PLTL participation and timing, F (1, 191) = 0.181, p = 0.671,
reflecting a very small difference (0.060 points) in perceived belonging declines made by PLTL
participants and non-participants. However, the main effect of PLTL participation reached
a p-value less than 0.05, F (1, 191) = 6.118, p = 0.014, showing that those who enrolled
in PLTL had a higher perceived belonging both at the beginning and end of the course.
Further research should explore if this replicates. In order to show how the groups started
and ended, Figures 3.13 and 3.14 show a bar plot and box and whisker plot, respectively, at
two time points (pre and post) while illustrating the main effect of PLTL participation.
56
Figure 3.13: Perceived belonging by PLTL participation and timing (pre vs. post). Error
bars represent the standard error.
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Figure 3.14: Perceived belonging by PLTL participation and timing (pre vs. post). Every
point represents a single data point. The dark line represents the median and the box
surrounds the 1st and 3rd quartiles with the upper whisker extending from the hinge to
the largest value no further than 1.5 * IQR from the hinge (where IQR is the inter-quartile
range, or distance between the first and third quartiles). The lower whisker extends from
the hinge to the smallest value at most 1.5 * IQR of the hinge.
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3.3.9 PLTL & Belonging Uncertainty
Table 3.36 shows the Type III ANOVA table of the fixed effects from the multi-level
model with belonging uncertainty as the dependent measure. Furthermore, Table 3.37 shows
the selected descriptive statistics (see Table D.19 for the full descriptive statistics). When
looking at the main inferential statistic, there was no significant interaction between PLTL
participation and timing (pre vs. post) reflecting the very small difference (0.030 points)
in belonging uncertainty gains between the PLTL participants and non-participants. Fur-















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 3.2: Analysis I Type III ANOVA table with exam average as the dependent variable,
and PLTL participation, sex, race and year in college as the between-subjects variables,
controlling for ACT Math and AP proportion.
SS df MS F p η2p
AP Proportion 1877.839 1 1877.839 19.222 < .001* 0.043
ACT Math 3630.761 1 3630.761 37.164 < .001* 0.081
PLTL 106.943 1 106.943 1.095 0.296 0.003
Race 840.283 2 420.142 4.301 0.014* 0.020
Sex 8.647 1 8.647 0.089 0.766 < .001
Year in College 248.657 1 248.657 2.545 0.111 0.006
PLTL x Race 40.319 2 20.160 0.206 0.814 0.001
PLTL x Sex 116.352 1 116.352 1.191 0.276 0.003
PLTL x Year in College 259.055 1 259.055 2.652 0.104 0.006
Race x Sex 213.285 2 106.643 1.092 0.337 0.005
Race x Year in College 270.632 2 135.316 1.385 0.251 0.006
Sex x Year in College 155.775 1 155.775 1.595 0.207 0.004
Residuals 41422.48 424 97.695
* p < 0.05
Table 3.3: Analysis I selected descriptive statistics for the PLTL effects with exam average
as the dependent variable.
Male Female
N M SD N M SD
No PLTL 206 82.084 11.569 125 81.392 11.740
PLTL 50 84.373 10.743 60 79.622 10.226
First Years Upper Years
N M SD N M SD
No PLTL 117 80.114 12.503 214 82.757 11.028
PLTL 55 83.564 10.409 55 80.000 10.750
Asian White URM
N M SD N M SD N M SD
No PLTL 120 84.608 9.956 158 82.179 10.605 53 74.453 14.732
PLTL 36 85.269 8.738 53 82.541 10.266 21 73.889 11.206
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Table 3.4: Analysis I Type III ANOVA table of the fixed effects from the multi-level model
with FCI as the dependent measure and time, PLTL participation, sex, race and year in
college as fixed effects, controlling for ACT Math and AP proportion.
SS df_N df_D MS F p
AP Proportion 0.151 1 312 0.151 13.224 <0.001*
ACT Math 0.046 1 312 0.046 4.034 0.045*
Pre_Post 0.307 1 314 0.307 26.994 <0.001*
PLTL 0.000 1 312 0.000 0.001 0.970
Race 0.065 2 312 0.033 2.874 0.058
Sex 0.147 1 312 0.147 12.876 <0.001*
Year in College 0.081 1 312 0.081 7.092 0.008*
Pre_Post x PLTL 0.045 1 314 0.045 3.977 0.047*
Pre_Post x Race 0.039 2 314 0.019 1.696 0.185
PLTL x Race 0.011 2 312 0.005 0.481 0.619
Pre_Post x Sex 0.000 1 314 0.000 0.005 0.941
PLTL x Sex 0.000 1 312 0.000 0.024 0.876
Pre_Post x Year in College 0.202 1 314 0.202 17.696 <0.001*
PLTL x Year in College 0.013 1 312 0.013 1.178 0.279
Race x Sex 0.190 2 312 0.095 8.338 <0.001*
Race x Year in College 0.052 2 312 0.026 2.273 0.105
Sex x Year in College 0.001 1 312 0.001 0.045 0.831
Pre_Post x PLTL x Race 0.006 2 314 0.003 0.259 0.772
Pre_Post x PLTL x Sex 0.003 1 314 0.003 0.237 0.627
Pre_Post x PLTL x Year in College 0.006 1 314 0.006 0.512 0.475
Pre_Post x Race x Sex 0.009 2 314 0.004 0.390 0.677
Pre_Post x Race x Year in College 0.001 2 314 0.000 0.023 0.978
Pre_Post x Sex x Year in College 0.006 1 314 0.006 0.546 0.461














































































































































































































































































































































































































Table 3.6: Analysis I Type III ANOVA table of the fixed effects from the multi-level model
with solving approach as the dependent measure and time, PLTL participation, sex, race
and year in college as fixed effects, controlling for ACT Math and AP proportion.
SS df_N df_D MS F p
AP Proportion 0.010 1 301 0.010 0.537 0.464
ACT Math 0.121 1 301 0.121 6.728 0.010*
Pre_Post 0.007 1 303 0.007 0.393 0.531
PLTL 0.165 1 301 0.165 9.160 0.003*
Race 0.008 2 301 0.004 0.226 0.798
Sex 0.007 1 301 0.007 0.390 0.533
Year in College 0.008 1 301 0.008 0.429 0.513
Pre_Post x PLTL 0.049 1 303 0.049 2.689 0.102
Pre_Post x Race 0.091 2 303 0.046 2.528 0.082
PLTL x Race 0.010 2 301 0.005 0.289 0.749
Pre_Post x Sex 0.005 1 303 0.005 0.275 0.601
PLTL x Sex 0.002 1 301 0.002 0.119 0.730
Pre_Post x Year in College 0.002 1 303 0.002 0.112 0.738
PLTL x Year in College 0.000 1 301 0.000 0.018 0.894
Race x Sex 0.001 2 301 0.001 0.032 0.969
Race x Year in College 0.032 2 301 0.016 0.874 0.418
Sex x Year in College 0.065 1 301 0.065 3.593 0.059
Pre_Post x PLTL x Race 0.091 2 303 0.046 2.525 0.082
Pre_Post x PLTL x Sex 0.000 1 303 0.000 0.006 0.941
Pre_Post x PLTL x Year in College 0.021 1 303 0.021 1.161 0.282
Pre_Post x Race x Sex 0.018 2 303 0.009 0.505 0.604
Pre_Post x Race x Year in College 0.070 2 303 0.035 1.928 0.147
Pre_Post x Sex x Year in College 0.005 1 303 0.005 0.279 0.598














































































































































































































































































































































































































































Table 3.8: Analysis I Type III ANOVA table of the fixed effects from the multi-level model
with learning approach as the dependent measure and time, PLTL participation, sex, race
and year in college as fixed effects, controlling for ACT Math and AP proportion.
SS df_N df_D MS F p
AP Proportion 0.228 1 301 0.228 12.535 <.001*
ACT Math 0.072 1 301 0.072 3.964 0.047*
Pre_Post 0.158 1 303 0.158 8.650 0.004*
PLTL 0.009 1 301 0.009 0.508 0.477
Race 0.082 2 301 0.041 2.241 0.108
Sex 0.014 1 301 0.014 0.766 0.382
Year in College 0.040 1 301 0.040 2.211 0.138
Pre_Post x PLTL 0.046 1 303 0.046 2.533 0.113
Pre_Post x Race 0.015 2 303 0.007 0.399 0.672
PLTL x Race 0.020 2 301 0.010 0.554 0.575
Pre_Post x Sex 0.002 1 303 0.002 0.110 0.740
PLTL x Sex 0.032 1 301 0.032 1.733 0.189
Pre_Post x Year in College 0.044 1 303 0.044 2.422 0.121
PLTL x Year in College 0.004 1 301 0.004 0.192 0.661
Race x Sex 0.023 2 301 0.012 0.641 0.528
Race x Year in College 0.011 2 301 0.005 0.290 0.748
Sex x Year in College 0.001 1 301 0.001 0.033 0.857
Pre_Post x PLTL x Race 0.046 2 303 0.023 1.264 0.284
Pre_Post x PLTL x Sex 0.048 1 303 0.048 2.630 0.106
Pre_Post x PLTL x Year in College 0.039 1 303 0.039 2.119 0.146
Pre_Post x Race x Sex 0.015 2 303 0.008 0.416 0.660
Pre_Post x Race x Year in College 0.030 2 303 0.015 0.836 0.434
Pre_Post x Sex x Year in College 0.042 1 303 0.042 2.290 0.131







































































































































































































































































































































































Table 3.10: Analysis I Type III ANOVA table with PLC as the dependent variable, and PLTL
participation, sex, race and year in college as the between-subjects variables, controlling for
ACT Math and AP proportion.
SS df MS F p η2p
AP Proportion 0.056 1 0.056 3.75 0.054* 0.011
ACT Math 0.079 1 0.079 5.348 0.021* 0.015
PLTL 0.063 1 0.063 4.246 0.040* 0.012
Race 0.016 2 0.008 0.535 0.586 0.003
Sex 0.007 1 0.007 0.460 0.498 0.001
Year in College 0.000 1 0.000 0.001 0.977 < .001
PLTL x Race 0.067 2 0.034 2.271 0.105 0.013
PLTL x Sex 0.006 1 0.006 0.422 0.517 0.001
PLTL x Year in College 0.008 1 0.008 0.55 0.459 0.002
Race x Sex 0.023 2 0.011 0.771 0.463 0.004
Race x Year in College 0.059 2 0.029 1.975 0.140 0.011
Sex x Year in College 0.034 1 0.034 2.320 0.129 0.007
Residuals 5.086 343 0.015
* p < 0.05
Table 3.11: Analysis I selected descriptive statistics with PLC as the dependent measure.
N M SD
No PLTL 266 0.514 0.123
PLTL 94 0.476 0.136
Male Female
N M SD N M SD
No PLTL 164 0.515 0.132 102 0.512 0.108
PLTL 44 0.470 0.154 50 0.481 0.118
First Years Upper Years
N M SD N M SD
No PLTL 96 0.539 0.112 170 0.499 0.127
PLTL 45 0.484 0.129 49 0.468 0.143
Asian White URM
N M SD N M SD N M SD
No PLTL 88 0.514 0.125 137 0.530 0.109 41 0.460 0.150
PLTL 31 0.442 0.127 46 0.510 0.130 17 0.446 0.151
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Table 3.12: Analysis I Type III ANOVA table with NS as the dependent variable, and PLTL
participation, sex, race and year in college as the between-subjects variables, controlling for
ACT Math and AP proportion.
SS df MS F p η2p
AP Proportion 0.042 1 0.042 5.802 0.017* 0.017
ACT Math 0.022 1 0.022 3.067 0.081 0.009
PLTL 0.002 1 0.002 0.283 0.595 0.001
Race 0.025 2 0.012 1.704 0.183 0.010
Sex 0.000 1 0.000 0.049 0.824 < .001
Year in College 0.011 1 0.011 1.548 0.214 0.004
PLTL x Race 0.000 2 0.000 0.025 0.976 < .001
PLTL x Sex 0.007 1 0.007 0.899 0.344 0.003
PLTL x Year in College 0.000 1 0.000 0.007 0.933 < .001
Race x Sex 0.013 2 0.007 0.903 0.406 0.005
Race x Year in College 0.046 2 0.023 3.110 0.046* 0.018
Sex x Year in College 0.000 1 0.000 0.007 0.935 < .001
Residuals 2.511 343 0.007
* p < 0.05
Table 3.13: Analysis I selected descriptive statistics with NS as the dependent measure.
Male Female
N M SD N M SD
No PLTL 164 0.427 0.090 102 0.421 0.081
PLTL 44 0.393 0.095 50 0.402 0.086
First Years Upper Years
N M SD N M SD
No PLTL 96 0.438 0.086 170 0.417 0.086
PLTL 45 0.409 0.080 49 0.387 0.097
Asian White URM
N M SD N M SD N M SD
No PLTL 88 0.422 0.086 137 0.431 0.084 41 0.407 0.094
PLTL 31 0.398 0.100 46 0.404 0.085 17 0.381 0.085
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Table 3.14: Analysis I Type III ANOVA table of the fixed effects from the multi-level model
with growth mindset as the dependent measure and time, PLTL participation, sex, race and
year in college as fixed effects, controlling for ACT Math and AP proportion.
SS df_N df_D MS F p
AP Proportion 32.874 1 403 32.874 3.555 0.060
ACT Math 6.735 1 403 6.735 0.728 0.394
Pre_Post 8.790 1 405 8.790 0.950 0.330
PLTL 0.076 1 403 0.076 0.008 0.928
Race 8.000 2 403 4.000 0.433 0.649
Sex 22.588 1 403 22.588 2.443 0.119
Year in College 30.769 1 403 30.769 3.327 0.069
Pre_Post x PLTL 0.000 1 405 0.000 0.000 0.998
Pre_Post x Race 1.538 2 405 0.769 0.083 0.920
PLTL x Race 5.948 2 403 2.974 0.322 0.725
Pre_Post x Sex 0.369 1 405 0.369 0.040 0.842
PLTL x Sex 7.342 1 403 7.342 0.794 0.373
Pre_Post x Year in College 0.716 1 405 0.716 0.077 0.781
PLTL x Year in College 3.512 1 403 3.512 0.380 0.538
Race x Sex 22.060 2 403 11.030 1.193 0.304
Race x Year in College 14.849 2 403 7.425 0.803 0.449
Sex x Year in College 3.415 1 403 3.415 0.369 0.544
Pre_Post x PLTL x Race 22.651 2 405 11.326 1.225 0.295
Pre_Post x PLTL x Sex 0.145 1 405 0.145 0.016 0.901
Pre_Post x PLTL x Year in College 4.974 1 405 4.974 0.538 0.464
Pre_Post x Race x Sex 17.584 2 405 8.792 0.951 0.387
Pre_Post x Race x Year in College 0.303 2 405 0.151 0.016 0.984
Pre_Post x Sex x Year in College 0.032 1 405 0.032 0.003 0.953

































































































































































































































































































































































Table 3.16: Analysis I Type III ANOVA table of the fixed effects from the multi-level model
with perceived belonging as the dependent measure and time, PLTL participation, sex, race
and year in college as fixed effects, controlling for ACT Math and AP proportion.
SS df_N df_D MS F p
AP Proportion 1.963 1 406 1.963 4.889 0.028*
ACT Math 0.399 1 406 0.399 0.993 0.320
Pre_Post 1.657 1 408 1.657 4.127 0.043*
PLTL 1.543 1 406 1.543 3.843 0.051
Race 1.042 2 406 0.521 1.298 0.274
Sex 0.675 1 406 0.675 1.681 0.196
Year in College 1.601 1 406 1.601 3.987 0.047*
Pre_Post x PLTL 0.563 1 408 0.563 1.403 0.237
Pre_Post x Race 0.263 2 408 0.131 0.327 0.721
PLTL x Race 0.499 2 406 0.249 0.621 0.538
Pre_Post x Sex 0.012 1 408 0.012 0.029 0.864
PLTL x Sex 0.111 1 406 0.111 0.277 0.599
Pre_Post x Year in College 0.587 1 408 0.587 1.461 0.227
PLTL x Year in College 0.019 1 406 0.019 0.046 0.830
Race x Sex 0.088 2 406 0.044 0.109 0.896
Race x Year in College 0.610 2 406 0.305 0.760 0.468
Sex x Year in College 0.054 1 406 0.054 0.133 0.715
Pre_Post x PLTL x Race 0.447 2 408 0.223 0.556 0.574
Pre_Post x PLTL x Sex 0.396 1 408 0.396 0.985 0.322
Pre_Post x PLTL x Year in College 0.159 1 408 0.159 0.396 0.529
Pre_Post x Race x Sex 0.211 2 408 0.105 0.263 0.769
Pre_Post x Race x Year in College 0.267 2 408 0.133 0.332 0.717
Pre_Post x Sex x Year in College 0.437 1 408 0.437 1.088 0.297




































































































































































































































































































































































Table 3.18: Analysis I Type III ANOVA table of the fixed effects from the multi-level model
with belonging uncertainty as the dependent measure and time, PLTL participation, sex,
race and year in college as fixed effects, controlling for ACT Math and AP proportion.
SS df_N df_D MS F p
AP Proportion 8.242 1 406 8.242 11.717 0.001*
ACT Math 1.240 1 406 1.240 1.763 0.185
Pre_Post 0.204 1 408 0.204 0.290 0.590
PLTL 0.031 1 406 0.031 0.045 0.833
Race 2.271 2 406 1.136 1.614 0.200
Sex 8.676 1 406 8.676 12.334 <.001*
Year in College 0.598 1 406 0.598 0.850 0.357
Pre_Post x PLTL 0.332 1 408 0.332 0.472 0.493
Pre_Post x Race 0.197 2 408 0.099 0.140 0.869
PLTL x Race 0.049 2 406 0.025 0.035 0.965
Pre_Post x Sex 0.002 1 408 0.002 0.002 0.961
PLTL x Sex 1.027 1 406 1.027 1.459 0.228
Pre_Post x Year in College 0.732 1 408 0.732 1.041 0.308
PLTL x Year in College 0.012 1 406 0.012 0.017 0.898
Race x Sex 0.642 2 406 0.321 0.457 0.634
Race x Year in College 0.232 2 406 0.116 0.165 0.848
Sex x Year in College 0.016 1 406 0.016 0.023 0.879
Pre_Post x PLTL x Race 0.077 2 408 0.038 0.055 0.947
Pre_Post x PLTL x Sex 0.282 1 408 0.282 0.401 0.527
Pre_Post x PLTL x Year in College 0.102 1 408 0.102 0.145 0.704
Pre_Post x Race x Sex 1.468 2 408 0.734 1.043 0.353
Pre_Post x Race x Year in College 1.226 2 408 0.613 0.871 0.419
Pre_Post x Sex x Year in College 0.109 1 408 0.109 0.156 0.694





































































































































































































































































































































































Table 3.20: Analysis II Type III ANOVA table with exam average as the dependent variable,
and PLTL participation, sex, race and year in college as the between-subjects variables.
SS df MS F p η2p
PLTL 355.176 1 355.176 3.302 0.071 0.016
Race 554.123 2 277.062 2.576 0.079 0.025
Sex 128.458 1 128.458 1.194 0.276 0.006
Year in College 839.511 1 839.511 7.806* 0.006* 0.038
PLTL x Race 49.225 2 24.612 0.229 0.796 0.002
PLTL x Sex 42.682 1 42.682 0.397 0.529 0.002
PLTL x Year in College 1165.879 1 1165.879 10.84* 0.001* 0.052
Race x Sex 230.327 2 115.164 1.071 0.345 0.011
Race x Year in College 29.068 2 14.534 0.135 0.874 0.001
Sex x Year in College 399.29 1 399.29 3.713 0.055 0.018
Residuals 21402.37 199 107.55
* p < 0.05
Table 3.21: Analysis II selected descriptive statistics with exam average as the dependent
measure.
Male Female
N M SD N M SD
No PLTL 68 81.108 11.991 36 80.454 12.132
PLTL 50 84.373 10.743 60 79.622 10.226
First Years Upper Years
N M SD N M SD
No PLTL 37 76.820 11.697 67 83.124 11.627
PLTL 55 83.564 10.409 55 80.000 10.750
Asian White URM
N M SD N M SD N M SD
No PLTL 33 83.636 11.119 48 82.083 10.748 23 74.420 13.702
PLTL 36 85.269 8.738 53 82.541 10.266 21 73.889 11.206
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Table 3.22: Analysis II Type III ANOVA table of the fixed effects from the multi-level
model with FCI as the dependent measure and time, PLTL participation, sex, race and year
in college as fixed effects.
SS df_N df_D MS F p
Pre_Post 0.156 1 143 0.156 13.042 <0.001*
PLTL 0.001 1 143 0.001 0.068 0.795
Race 0.142 2 143 0.071 5.922 0.003*
Sex 0.177 1 143 0.177 14.776 <0.001*
Year in College 0.029 1 143 0.029 2.392 0.124
Pre_Post x PLTL 0.034 1 143 0.034 2.858 0.093
Pre_Post x Race 0.050 2 143 0.025 2.100 0.126
PLTL x Race 0.006 2 143 0.003 0.272 0.763
Pre_Post x Sex 0.007 1 143 0.007 0.576 0.449
PLTL x Sex 0.000 1 143 0.000 0.002 0.968
Pre_Post x Year in College 0.147 1 143 0.147 12.302 0.001*
PLTL x Year in College 0.046 1 143 0.046 3.825 0.052
Race x Sex 0.042 2 143 0.021 1.766 0.175
Race x Year in College 0.001 2 143 0.000 0.022 0.978
Sex x Year in College 0.035 1 143 0.035 2.899 0.091
Pre_Post x PLTL x Race 0.008 2 143 0.004 0.324 0.724
Pre_Post x PLTL x Sex 0.001 1 143 0.001 0.045 0.832
Pre_Post x PLTL x Year in College 0.002 1 143 0.002 0.186 0.667
Pre_Post x Race x Sex 0.019 2 143 0.009 0.783 0.459
Pre_Post x Race x Year in College 0.001 2 143 0.001 0.061 0.941
Pre_Post x Sex x Year in College 0.004 1 143 0.004 0.304 0.582






















































































































































































































































































































































Table 3.24: Analysis II Type III ANOVA table of the fixed effects from the multi-level model
with solving approach as the dependent measure and time, PLTL participation, sex, race
and year in college as fixed effects.
SS df_N df_D MS F p
Pre_Post 0.025 1 139 0.025 1.248 0.266
PLTL 0.130 1 139 0.130 6.467 0.012*
Race 0.060 2 139 0.030 1.494 0.228
Sex 0.001 1 139 0.001 0.061 0.805
Year in College 0.028 1 139 0.028 1.373 0.243
Pre_Post x PLTL 0.058 1 139 0.058 2.875 0.092
Pre_Post x Race 0.061 2 139 0.031 1.520 0.222
PLTL x Race 0.002 2 139 0.001 0.061 0.941
Pre_Post x Sex 0.005 1 139 0.005 0.232 0.631
PLTL x Sex 0.006 1 139 0.006 0.280 0.598
Pre_Post x Year in College 0.024 1 139 0.024 1.179 0.279
PLTL x Year in College 0.003 1 139 0.003 0.155 0.694
Race x Sex 0.017 2 139 0.009 0.423 0.656
Race x Year in College 0.000 2 139 0.000 0.010 0.990
Sex x Year in College 0.029 1 139 0.029 1.431 0.234
Pre_Post x PLTL x Race 0.071 2 139 0.036 1.770 0.174
Pre_Post x PLTL x Sex 0.003 1 139 0.003 0.141 0.708
Pre_Post x PLTL x Year in College 0.008 1 139 0.008 0.391 0.533
Pre_Post x Race x Sex 0.008 2 139 0.004 0.190 0.827
Pre_Post x Race x Year in College 0.120 2 139 0.060 2.982 0.054
Pre_Post x Sex x Year in College 0.010 1 139 0.010 0.492 0.484


































































































































































































































































































































































































































Table 3.26: Analysis II Type III ANOVA table of the fixed effects from the multi-level model
with learning approach as the dependent measure and time, PLTL participation, sex, race
and year in college as fixed effects.
SS df_N df_D MS F p
Pre_Post 0.034 1 139 0.034 1.989 0.161
PLTL 0.000 1 139 0.000 0.003 0.959
Race 0.085 2 139 0.043 2.520 0.084
Sex 0.000 1 139 0.000 0.007 0.936
Year in College 0.075 1 139 0.075 4.436 0.037*
Pre_Post x PLTL 0.095 1 139 0.095 5.603 0.019*
Pre_Post x Race 0.014 2 139 0.007 0.400 0.671
PLTL x Race 0.016 2 139 0.008 0.464 0.630
Pre_Post x Sex 0.012 1 139 0.012 0.735 0.393
PLTL x Sex 0.003 1 139 0.003 0.170 0.681
Pre_Post x Year in College 0.080 1 139 0.080 4.742 0.031*
PLTL x Year in College 0.000 1 139 0.000 0.020 0.889
Race x Sex 0.052 2 139 0.026 1.547 0.217
Race x Year in College 0.018 2 139 0.009 0.535 0.587
Sex x Year in College 0.000 1 139 0.000 0.026 0.873
Pre_Post x PLTL x Race 0.038 2 139 0.019 1.125 0.327
Pre_Post x PLTL x Sex 0.058 1 139 0.058 3.415 0.067
Pre_Post x PLTL x Year in College 0.065 1 139 0.065 3.866 0.051
Pre_Post x Race x Sex 0.109 2 139 0.055 3.235 0.042*
Pre_Post x Race x Year in College 0.107 2 139 0.053 3.149 0.046*
Pre_Post x Sex x Year in College 0.016 1 139 0.016 0.960 0.329







































































































































































































































































































































































































Table 3.28: Analysis II Type III ANOVA table with PLC as the dependent variable, and
PLTL participation, sex, race and year in college as the between-subjects variables.
SS df MS F p η2p
PLTL 0.025 1 0.025 1.702 0.194 0.010
Race 0.027 2 0.013 0.895 0.410 0.011
Sex 0.005 1 0.005 0.333 0.564 0.002
Year in College 0.033 1 0.033 2.199 0.140 0.013
PLTL x Race 0.018 2 0.009 0.600 0.550 0.007
PLTL x Sex 0.004 1 0.004 0.257 0.613 0.002
PLTL x Year in College 0.002 1 0.002 0.113 0.737 0.001
Race x Sex 0.017 2 0.009 0.575 0.564 0.007
Race x Year in College 0.046 2 0.023 1.531 0.219 0.018
Sex x Year in College 0.112 1 0.112 7.511 0.007* 0.044
Residuals 2.461 165 0.015
* p < 0.05
Table 3.29: Analysis II selected descriptive statistics with PLC as the dependent variable.
Male Female
N M SD N M SD
No PLTL 51 0.495 0.130 35 0.527 0.107
PLTL 44 0.470 0.154 50 0.481 0.118
First Years Upper Years
N M SD N M SD
No PLTL 32 0.524 0.110 54 0.499 0.128
PLTL 45 0.484 0.129 49 0.468 0.143
Asian White URM
N M SD N M SD N M SD
No PLTL 24 0.493 0.111 46 0.542 0.098 16 0.432 0.161
PLTL 31 0.442 0.127 46 0.510 0.130 17 0.446 0.151
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Table 3.30: Analysis II Type III ANOVA table with NS as the dependent variable, and
PLTL participation, sex, race and year in college as the between-subjects variables.
SS df MS F p η2p
PLTL 0.000 1 0.000 0.059 0.808 < .001
Race 0.005 2 0.002 0.310 0.734 0.004
Sex 0.001 1 0.001 0.120 0.729 0.001
Year in College 0.000 1 0.000 0.015 0.904 < .001
PLTL x Race 0.002 2 0.001 0.107 0.899 0.001
PLTL x Sex 0.000 1 0.000 0.008 0.929 < .001
PLTL xYear in College 0.002 1 0.002 0.204 0.652 0.001
Race x Sex 0.012 2 0.006 0.808 0.448 0.010
Race x Year in College 0.016 2 0.008 1.069 0.346 0.013
Sex x Year in College 0.006 1 0.006 0.803 0.372 0.005
Residuals 1.252 165 0.008
* p < 0.05
Table 3.31: Analysis II selected descriptive statistics with NS as the dependent variable.
Male Female
N M SD N M SD
No PLTL 51 0.418 0.085 35 0.425 0.082
PLTL 44 0.393 0.095 50 0.402 0.086
First Years Upper Years
N M SD N M SD
No PLTL 32 0.434 0.088 54 0.413 0.080
PLTL 45 0.409 0.080 49 0.387 0.097
Asian White URM
N M SD N M SD N M SD
No PLTL 24 0.409 0.079 46 0.433 0.089 16 0.401 0.073
PLTL 31 0.398 0.100 46 0.404 0.085 17 0.381 0.085
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Table 3.32: Analysis II Type III ANOVA table of the fixed effects from the multi-level model
with growth mindset as the dependent measure and time, PLTL participation, sex, race and
year in college as fixed effects.
SS df_N df_D MS F p
Pre_Post 0.529 1 191 0.529 0.063 0.803
PLTL 0.982 1 191 0.982 0.116 0.733
Race 72.950 2 191 36.475 4.322 0.015*
Sex 44.832 1 191 44.832 5.312 0.022*
Year in College 38.562 1 191 38.562 4.569 0.034*
Pre_Post x PLTL 5.571 1 191 5.571 0.660 0.418
Pre_Post x Race 2.143 2 191 1.072 0.127 0.881
PLTL x Race 29.965 2 191 14.983 1.775 0.172
Pre_Post x Sex 0.717 1 191 0.717 0.085 0.771
PLTL x Sex 8.489 1 191 8.489 1.006 0.317
Pre_Post x Year in College 0.787 1 191 0.787 0.093 0.760
PLTL x Year in College 4.148 1 191 4.148 0.492 0.484
Race x Sex 43.377 2 191 21.689 2.570 0.079
Race x Year in College 35.612 2 191 17.806 2.110 0.124
Sex x Year in College 2.739 1 191 2.739 0.325 0.570
Pre_Post x PLTL x Race 35.442 2 191 17.721 2.100 0.125
Pre_Post x PLTL x Sex 1.170 1 191 1.170 0.139 0.710
Pre_Post x PLTL x Year in College 0.305 1 191 0.305 0.036 0.850
Pre_Post x Race x Sex 18.320 2 191 9.160 1.085 0.340
Pre_Post x Race x Year in College 1.378 2 191 0.689 0.082 0.922
Pre_Post x Sex x Year in College 1.768 1 191 1.768 0.209 0.648


























































































































































































































































































































































Table 3.34: Analysis II Type III ANOVA table of the fixed effects from the multi-level model
with perceived belonging as the dependent measure and time, PLTL participation, sex, race
and year in college as fixed effects.
SS df_N df_D MS F p
Pre_Post 0.458 1 191 0.458 1.129 0.289
PLTL 2.483 1 191 2.483 6.118 0.014*
Race 4.774 2 191 2.387 5.882 0.003*
Sex 1.257 1 191 1.257 3.097 0.080
Year in College 3.605 1 191 3.605 8.883 0.003*
Pre_Post x PLTL 0.074 1 191 0.074 0.181 0.671
Pre_Post x Race 0.124 2 191 0.062 0.153 0.858
PLTL x Race 1.899 2 191 0.949 2.339 0.099
Pre_Post x Sex 0.128 1 191 0.128 0.315 0.575
PLTL x Sex 0.307 1 191 0.307 0.758 0.385
Pre_Post x Year in College 0.274 1 191 0.274 0.675 0.413
PLTL x Year in College 0.073 1 191 0.073 0.180 0.672
Race x Sex 0.146 2 191 0.073 0.180 0.835
Race x Year in College 1.184 2 191 0.592 1.459 0.235
Sex x Year in College 0.084 1 191 0.084 0.207 0.650
Pre_Post x PLTL x Race 0.151 2 191 0.076 0.186 0.830
Pre_Post x PLTL x Sex 0.787 1 191 0.787 1.939 0.165
Pre_Post x PLTL x Year in College 0.097 1 191 0.097 0.239 0.626
Pre_Post x Race x Sex 0.382 2 191 0.191 0.471 0.625
Pre_Post x Race x Year in College 0.259 2 191 0.130 0.319 0.727
Pre_Post x Sex x Year in College 0.253 1 191 0.253 0.623 0.431




































































































































































































































































































































































































































Table 3.36: Analysis II Type III ANOVA table of the fixed effects from the multi-level model
with belonging uncertainty as the dependent measure and time, PLTL participation, sex,
race and year in college as fixed effects.
SS df_N df_D MS F p
Pre_Post 0.221 1 191 0.221 0.345 0.558
PLTL 0.069 1 191 0.069 0.108 0.743
Race 4.883 2 191 2.441 3.805 0.024*
Sex 6.202 1 191 6.202 9.665 0.002*
Year in College 0.800 1 191 0.800 1.247 0.266
Pre_Post x PLTL 0.021 1 191 0.021 0.033 0.856
Pre_Post x Race 0.449 2 191 0.224 0.350 0.705
PLTL x Race 0.309 2 191 0.155 0.241 0.786
Pre_Post x Sex 0.002 1 191 0.002 0.004 0.952
PLTL x Sex 0.859 1 191 0.859 1.339 0.249
Pre_Post x Year in College 0.242 1 191 0.242 0.377 0.540
PLTL x Year in College 0.013 1 191 0.013 0.020 0.887
Race x Sex 0.692 2 191 0.346 0.539 0.584
Race x Year in College 0.232 2 191 0.116 0.181 0.835
Sex x Year in College 0.107 1 191 0.107 0.166 0.684
Pre_Post x PLTL x Race 0.798 2 191 0.399 0.622 0.538
Pre_Post x PLTL x Sex 0.010 1 191 0.010 0.016 0.899
Pre_Post x PLTL x Year in College 0.015 1 191 0.015 0.023 0.878
Pre_Post x Race x Sex 0.000 2 191 0.000 0.000 1.000
Pre_Post x Race x Year in College 0.074 2 191 0.037 0.058 0.944
Pre_Post x Sex x Year in College 1.207 1 191 1.207 1.881 0.172
































































































































































































































































































































































4.1 PLTL and Academic Success
Although robust evidence exists that PLTL can improve the academic success of students
[3], in the current implementation we did not see the expected main effect of PLTL partic-
ipation. Recall that most of the analyses done in this dissertation were purely exploratory.
Based upon existing literature, for each analysis I only expected one effect to appear—either
a main effect of PLTL participation (e.g., in a between-subjects model) or a interaction be-
tween PLTL participation and timing (e.g., in a multi-level model) therefore significance was
evaluated with α = 0.05 for these effects. For other effects because no specific hypotheses
were being tested, no specific alpha was set; instead I just considered p-values less than 0.05
to signal possible effects that should be considered for future hypotheses.
With that in mind, only one pattern emerged that was worth discussing. While this was
not a primary hypothesis, when students were matched on preparation level, the interaction
between PLTL participation and year in school reached a p-value less than 0.05. This
interaction showed that first year PLTL students outperformed first year non-PLTL students
on exams, but this performance advantage does not appear for upper year students, as the
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upper year students are doing well regardless of PLTL participation. This pattern is in
agreement with prior work done by Chan and Bauer that showed first year students had
more of a benefit from group work like PLTL, than upper year students [7]. One potential
reason could be that first year students have a stronger need for a weekly study group that
helps them establish a regular study routine, learn study skills, and identify key concepts,
whereas upper year students may have already acquired these skills.
As a preliminary test of this hypothesis, several follow up analyses were done. In partic-
ular, I examined whether other explanatory variables might be responsible for the different
results among first versus upper year students. As discussed below when students were
matched on preparation level, the PLTL participants had a higher attitudinal solving ap-
proach, attitudinal learning approach and perceived belonging both at the beginning and
end of the course. Since all of these have been shown to correlate with academic success [31,
124] I explored how taking these into account could alter this pattern.
The first follow up analysis statistically controlled for attitudinal solving approach, atti-
tudinal learning approach and perceived belonging when looking at exam performance. Even
after statistically controlling for these variables the interaction between PLTL participation
and year in school reached a p-value less than 0.05, F (1, 154) = 14.596, MSE = 89.663,
p < 0.001, η2p= 0.087. This interaction showed that first year PLTL students (M=83.1)
outperformed first year non-PLTL students (M=74.4) on exams, but this performance ad-
vantage does not appear for upper year students, as the upper year students are doing well
regardless of PLTL participation (M=80.5 and M=83.1 for the upper year PLTL and non
PLTL participants, respectively).
The second follow up analysis used the matched samples approach to compare non-
PLTL participants with high attitudinal solving approach, learning approach, and perceived
belonging scores to PLTL participants with a similar profile. Using a median split in my
non-PLTL participant data I selected out just the students that scored higher on solving
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approach, learning approach and perceived belonging and compared that to my already high
PLTL sample. Even after comparing these selected groups, the interaction between PLTL
participation and year in school reached a p-value less than 0.05, F (1, 147) = 4.904, MSE =
87.486, p = 0.028, η2p= 0.032, such that first year PLTL students (M=82.4) outperformed
first year non-PLTL students (M=78.5) on exams, but this performance advantage does not
appear for upper year students, as the upper year students are doing well regardless of PLTL
participation (M=77.7 and M=82.2 for the upper year PLTL and non PLTL participants,
respectively)
At Washington University in St. Louis we have three operating PLTL programs (Physics,
Calculus and Chemistry). Physics is unique in that the course has an even split between
first year and upper year students where as Chemistry and Calculus are primarily first years.
Given the low number of upper year students that enroll and complete PLTL in Chemistry
and Calculus I was unable to test if this pattern replicated in other PLTL programs at Wash-
ington University in St. Louis. However, given that this first year performance advantage by
participating in PLTL still held in both follow up analyses, future work should specifically
test to see if this pattern replicates.
Despite the small performance benefit among first year students, it is important to note
that this implementation of PLTL was not ideal and this probably affected the potential
benefits to academic success. Keep in mind all the published work that has been done on
PLTL looked at programs that had been up and running for several years before they looked
at the potential benefits. As noted throughout this dissertation, this analysis was done on
the initial semester the PLTL program launched and is therefore bound to not be ideal.
Furthermore, as noted in the introduction, prior work [24] has shown that improvements
to academic achievement, as measured by exam average, are most effective if the groups
are heterogeneous (i.e., the students have a diverse range of backgrounds and skill levels).
Since selection criteria were used that gave priority enrollment to students who were deemed
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academically at risk of failure (see Section 2.3) the PLTL groups were homogeneous. Future
implementations of PLTL should make sure the groups are comprised of students who have
a diverse range of backgrounds and skill levels so the students in PLTL can be exposed to a
more diverse range of ideas and approaches.
Moreover, successful PLTL interventions depend upon using appropriate materials dur-
ing the PLTL sessions [3]. Problem sets need to be challenging and encourage active-
collaborative learning. As this was the first semester implementing PLTL, the PLTL co-
ordinator had a difficult time preparing adequate problem sets (see Appendix C.2 for sample
non-ideal PLTL problems administered in Fall 2018). In particular, the problems did not
always encourage students to discuss or struggle with underlying misconceptions. It is impor-
tant that the faculty work closely with any PLTL coordinator to ensure a strong connection
with the course. This may allow the coordinator to develop a better understanding of where
the students are going to struggle, what misconceptions they may have, and what level of
difficulty is appropriate for the problems.
One way to improve the problem sets and encourage students to grapple with underlying
misconceptions is to occasionally use problems matched on either surface features or prin-
ciples and have students compare and contrast the different types of problems and problem
solving approaches [125]. For instance, take the following two problems taken from Docktor
et al. [125] and shown in Figure 4.1. These problems have been matched such that they
appear very similar on the surface, but they are solved in drastically different ways: prob-
lem 1 requires Newton’s Second Law, while problem 2 requires Conservation of Momentum.
Prior research [125] has shown that students have difficulty identifying and using the appro-
priate physics principles. Given that exams require students to identify and use appropriate
principles, PLTL problems addressing these skills should enhance the benefit they provide
to students’ exam performance and potentially their overall learning of the material.
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Figure 4.1: Recommended example PLTL problems taken from Docktor et al. [125] that are
matched on surface features.
4.2 PLTL and Learning Outcomes
In this implementation, there were four learning differences that emerged between the
PLTL and non-PLTL participants. In the full sample analysis, there was a small main effect
of PLTL such that non-PLTL participants had more expert-like knowledge structures than
PLTL participants, as measured by PLC. Given that PLTL students were less prepared than
non-PLTL students, it is not surprising they had less expert-like knowledge structures, even
at the end of the semester. After all, more time and familiarity with a topic encourages
more expert-like knowledge structures [47]. This interpretation is bolstered by the fact that
this effect did not appear when PLTL and non-PLTL students were matched on preparation
level.
Additionally, while not hypothesized, in both the whole sample and matched sample
analysis, there was a small main effect of PLTL such that the PLTL students had a higher
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attitudinal solving approach than the non-PLTL students both at the beginning and end
of the course. While this was not a hypothesized result, this finding suggests that students
who elected to participate in PLTL already approached solving problems in a more expert-
like manner than non-PLTL participants, even prior to the semester and despite their lower
level of academic preparation. Importantly, this novel result can shed new light on Chan
and Bauer’s [7] findings, which suggest that past reports of PLTL improving student perfor-
mance may in part result from PLTL attracting students who are already motivated to take
advantage of its value. In the current study, although the PLTL and non-PLTL groups did
not differ from each other in personality or motivation, the PLTL group was significantly
higher in the attitudinal solving approach factor of the CLASS, which supports the argu-
ment that self-selection can play a role in PLTL effects, especially since attitudinal solving
approach has been correlated with academic success [31]. Future work should explore the
extent to which pre-existing differences in attitudinal solving approach might contribute to
performance differences between PLTL and non-PLTL groups.
Interestingly, when the whole sample was analyzed there was an interaction between
PLTL participation and timing (pre vs. post) such that the PLTL participants gained
more conceptual knowledge than the non-PLTL participants. However, this interaction
reflects a very small difference (0.04 points) in the the conceptual knowledge gains made
by PLTL participants and non-participants. It’s significance likely arises from the confound
between PLTL participation and preparation level: we know that less prepared students gain
more from PLTL [15], and the PLTL participants in this study were underprepared relative
to non-participants. This interpretation is supported by the fact that the interaction was
not replicated with the matched sample analysis (which consisted of only underprepared
students).
In order to explore this possibility, I took the non-PLTL participants from the full sample
and did a quartile split on ACT Math score. An ANOVA with FCI as the dependant
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variable showed there was a significant interaction between timing (pre vs. post) and ACT
Math quartile (F=3.021, p = 0.030) such that the lowest two quartiles(∆ = 0.077 and ∆ =
0.071, respectively) gained more than the upper two quartiles (∆ = 0.035 and ∆ = −0.006,
respectively) in conceptual knowledge. Ultimately, the groupwise comparison using the full
sample is highly confounded with potential differences between the groups, and the matched
sample gives a clearer picture of the potential benefits that can be attributed specifically
to PLTL. The matched sample analysis showed no differences between the PLTL and non-
PLTL participants, but, perhaps with a more robust implementation of PLTL we would see
more benefits in conceptual knowledge gains (more about this later).
Perhaps the most significant finding for learning outcomes was that, in the matched sam-
ple analysis, there was a predicted significant interaction between PLTL participation and
timing (pre vs. post) such that the PLTL participants became significantly more expert-like
in their attitudinal learning approach and non-PLTL participants stayed the same. This
suggests that PLTL can help underprepared students begin to focus on learning the un-
derlying concepts versus specific examples, formulas, or algorithms. While this benefit was
not enough to produce concrete learning gains (e.g., on the FCI), it does begin to highlight
that PLTL can help move students to become more expert-like in their attitudinal learning
approach. To my knowledge, this is the first study in physics to show this.
Perhaps with a more robust implementation of PLTL, and when it is not in its initial
semester, we would see more comprehensive benefits for all learning outcomes. As men-
tioned above, several steps could be taken in future implementations to improve the PLTL
program. The homogeneous groups potentially could have affected the benefit of PLTL on
not only academic success but also learning benefits. The homogeneous group make-up likely
hindered the students’ ability to gain a deeper understanding of the underpinnings of the
problems as they were exposed to fewer ideas and perspectives. This potentially impacted
their ability to gain conceptual knowledge and arrive at a more expert-like knowledge struc-
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ture. Furthermore, as mentioned above, having more appropriate PLTL session material
would have cascading effects in student learning [3, 4].
Crucially, part of the strength of PLTL sessions is in the facilitation of the problem
solving process by the peer leaders. Therefore, another critical component of PLTL is the
selection, training and supervision of the Peer Leaders [3]. In this implementation of PLTL,
the training and supervision of the peer leaders could have been improved by teaching them
how to properly facilitate the sessions and give students effective feedback. In PLTL the stu-
dents are supposed to go beyond just obtaining the right answer and discuss the conceptual
underpinnings of each problem. By doing this, alternative points of view can be explored
and students can begin to choose the best approach, ask clarifying questions, and address
any misconceptions they may have. To help facilitate this at the beginning of every PLTL
problem students are asked to list all the relevant concepts.
However, based on the few observations I have1, many groups failed to start the problems
by discussing the relevant concepts and instead the group and leaders took a more formulaic
approach to solving the problems. Research shows that one crucial aspect of the PLTL is
that it should encourage students to discuss relevant concepts, not merely utilize equations or
formulas [3, 28]. Additionally, there appeared to be some confusion among the peer leaders
about how much feedback they could give their students. Some peer leaders gave inadequate
feedback, resulting in many students leaving the sessions thinking an incorrect answer was
correct. While no solution key is ever given, students should not leave the sessions continuing
to endorse an incorrect answer.
Future implementations of this PLTL program should ensure that the peer leaders are
trained on how to properly facilitate the PLTL sessions and how to provide effective feedback.
Additionally, closer supervision, including more frequent, formative observations of the peer
leaders would be beneficial to ensure they are facilitating the sessions correctly. By doing this
1Only one observation of each peer leader was done midway through the semester.
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the program could potentially have more benefits to all academic success (e.g., exam scores)
and learning (e.g., conceptual knowledge, expert-like attitudes and approaches, knowledge
structure) outcomes.
4.3 PLTL and Social-Psychological Outcomes
This dissertation explored two social-psychological outcomes: growth mindset and sense
of belonging. There was no difference between PLTL participants and non-PLTL participants
on growth mindset and no interesting patterns emerged. As mentioned in the introduction,
this is not at all surprising given that many interventions fail to change students mindsets
even when they produce benefits to students’ performance [73, 82]. Interestingly, while
there was no difference between PLTL participants and non-PLTL participants for belonging
uncertainty, the matched sample analysis revealed a main effect of PLTL such that PLTL
students had a higher perceived belonging than non-PLTL students both at the beginning
and end of the course. The same pattern is observed in the descriptive statistics for the whole
sample but this effect did not reach a p-value less than 0.05. While this was not a primary
hypothesis, this finding suggests that students with relatively high perceived belonging in
the course may be especially likely to participate in PLTL. As mentioned above, Chan and
Bauer [7] findings suggest that past reports of improved student performance with PLTL
may in part be a consequence of the type of students that choose to enroll in PLTL. Because
higher perceived belonging has been linked to performance benefits [124] future work should
explore if this pattern replicates and the extent to which this pre-existing difference in
belonging contributes to performance differences between PLTL and non-PLTL students.
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4.4 Dissertation Limitations
One limitation of this dissertation is that the data came from a single, selective research
university. Hence, the results may not generalize to institutions with different student char-
acteristics, populations, and course content. Future research should investigate whether the
results replicate at other universities. Furthermore, the results shown in this dissertation
were generated during the initial semester the program launched. This is not directly compa-
rable to the published PLTL literature which examined programs that had been established
for several years. Moreover, for practical reasons this dissertation used several measures that
have not been validated for research purposes (e.g., growth mindset, perceived belonging,
motivation). Future work should investigate the validity of these measures or use validated
ones [126]. Additionally, as with any study in which groups are not randomly assigned, there
could be confounds such that students who choose to go into PLTL differ from those who
did not. I attempted to measure major confounds like preparation level, motivation, consci-
entiousness, and neuroticism but there could be other potential differences this dissertation
did not measure or take into account. Furthermore, I addressed any known confounds in two
ways: first running an ANCOVA that controlled for any group differences and then running





As mentioned in section 2.2, the textbook was Physics for Scientists and Engineers: A













































The following appendix contains more information about the study instruments and their
instructions/items.
B.1 Two-factor CLASS structure
B.1.1 Learning Approach (listed by CLASS item number)
1. A significant problem in learning physics is being able to memorize all the information
I need to know.
5. After I study a topic in physics and feel that I understand it, I have difficulty solving
problems on the same topic.
6. Knowledge in physics consists of many disconnected topics.
8. When I solve a physics problem, I locate an equation that uses the variables given in
the problem and plug in the values.
10. There is usually only one correct approach to solving a physics problem.
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12. I cannot learn physics if the teacher does not explain things well in class.
17. Understanding physics basically means being able to recall something you’ve read or
been shown.
20. I do not spend more than five minutes stuck on a physics problem before giving up or
seeking help from someone else.
21. If I don’t remember a particular equation needed to solve a problem on an exam,
there’s nothing much I can do (legally!) to come up with it.
22. If I want to apply a method used for solving one physics problem to another problem,
the problems must involve very similar situations.
34. I can usually figure out a way to solve physics problems.
40. If I get stuck on a physics problem, there is no chance I’ll figure it out on my own.
B.1.2 Solving Approach (listed by CLASS item number)
2. When I am solving a physics problem, I try to decide what would be a reasonable value
for the answer.
11. I am not satisfied until I understand why something works the way it does.
15. If I get stuck on a physics problem on my first try, I usually try to figure out a different
way that works.
23. In doing a physics problem, if my calculation gives a result very different from what
I’d expect, I’d trust the calculation rather than going back through the problem.
24. In physics, it is important for me to make sense out of formulas before I can use them
correctly.
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26. In physics, mathematical formulas express meaningful relationships among measurable
quantities.
29. To learn physics, I only need to memorize solutions to sample problems.
32. Spending a lot of time understanding where formulas come from is a waste of time.
36. There are times I solve a physics problem more than one way to help my understanding.
37. To understand physics, I sometimes think about my personal experiences and relate
them to the topic being analyzed.
39. When I solve a physics problem, I explicitly think about which physics ideas apply to
the problem.
42. When studying physics, I relate the important information to what I already know
rather than just memorizing it the way it is presented.
B.2 Similarity Task Instructions & Key Terms
The following survey asks you to judge on a scale of 1-7 how related the following 15 terms














13. Newton’s Second Law
14. Circular Motion
15. Projectile Motion
Before continuing, please pick both a highly related and an unrelated pair to serve as anchors.
Remember to use the full range of the scale when making your ratings. A 1 indicates that
the pair is highly unrelated and a 7 indicates that the pair is highly related.
B.3 Growth Mindset Measure
The students were asked to indicate how much they agreed or disagreed with each of
the statements on a scale of 1 (strongly disagree) to 6 (strongly agree). They were told
that there are no right or wrong answers and that we are just interested in their ideas. The
growth mindset measure had eight items. Four of these items are entity items and four are
non-entity items.
1. No matter how much intelligence you have, you can always change it a good deal.
2. You can learn new things, but you cannot really change your basic level of intelligence.
3. I like my work best when it makes me think hard.
4. I like my work best when I can do it really well without too much trouble.
5. I like work that I’ll learn from even if I make a lot of mistakes.
6. I like my work best when I can do it perfectly without any mistakes.
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7. When something is hard, it just makes me want to work more on it, not less.
8. To tell the truth, when I work hard, it makes me feel as though I’m not very smart.
Entity Items: 2, 4, 6, 8
Non-Entity Items: 1, 3, 5, 7
B.4 Sense of Belonging
As mentioned in section 2.1.5 these measures contained two sub-scales: perceived be-
longing and belonging uncertainty and are shown below.
B.4.1 Perceived Belonging Measure
The perceived belonging measure contained 4 items. These items were:
1. I feel like I fit in Introductory Physics lecture.
2. I feel comfortable with my peers and classmates in Introductory Physics lecture.
3. I feel comfortable with my professors in Introductory Physics lecture.
4. Setting aside my performance in class, I feel like I belong in Introductory Physics
lecture.
B.4.2 Belonging Uncertainty Measure
The belonging uncertainty measure contained 2 items. These items were:
1. I feel uncertain about my belonging in Introductory Physics lecture. (i.e., sometimes
I feel that I belong, sometimes I don’t)
2. When I don’t perform well in my classes, I feel like maybe I don’t belong in Introductory
Physics lecture.
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B.4.3 Validation of Sense of Belonging Factor Structure
Validation of the belonging measure factor structure utilized Introductory Physics I data
from the Fall 2017 and Fall 2018 semesters (N = 1224) and involved a confirmatory factor
analysis (CFA) done by Angela Fink1 testing the two-factor structure observed in recently
submitted manuscript [103]. It is important to note that only the factor structure was
validated and not the measures themselves.
Following [104], three model fit indices were used to evaluate whether the two-factor
structure adequately fit the physics data. The comparative fit index (CFI) provided a relative
fit index, the standardized root-mean-square residual (SRMR) provided an absolute fit index,
and root-mean-square error of approximation (RMSEA) provided a parsimony-adjusted fit
index. The thresholds for acceptability were CFI > 0.95, SRMR < 0.08, and RMSEA
< 0.06.
The CFA yielded the following fit indices: CFI = 0.986, SRMR = 0.019, and RMSEA
= 0.065, with the 90% confidence interval for the RMSEA score (0.046 – 0.085) including the
threshold for acceptability. The results therefore showed acceptable relative and absolute
fit, but borderline parsimony-adjusted fit, suggesting that the model may be more complex
than justified by the data. Because the majority of fit indices were satisfactory, the two-
factor model was accepted as the final structure for this measure. This decision was further
justified by the theoretical considerations presented above: the distinction between perceived
belonging and belonging uncertainty aligns with the literature. Table B.1 below shows the
full results from the analysis.
B.5 Big Five Inventory
As mentioned in section 2.1.6 the Big Five Inventory (BFI) [105] is a commonly used
1amfink@wustl.edu
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44-item personality assessment that has five factors/dimensions. The BFI items are listed
below along with what items are used to calculate the 5 factors.
Big Five Inventory Items:
I see Myself as Someone Who...
1. Is talkative
2. Tends to find fault with others
3. Does a thorough job
4. Is depressed, blue
5. Is original, comes up with new ideas
6. Is reserved
7. Is helpful and unselfish with others
8. Can be somewhat careless
9. Is relaxed, handles stress well
10. Is curious about many different things
11. Is full of energy
12. Starts quarrels with others
13. Is a reliable worker
14. Can be tense
15. Is ingenious, a deep thinker
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16. Generates a lot of enthusiasm
17. Has a forgiving nature
18. Tends to be disorganized
19. Worries a lot
20. Has an active imagination
21. Tends to be quiet
22. Is generally trusting
23. Tends to be lazy
24. Is emotionally stable, not easily upset
25. Is inventive
26. Has an assertive personality
27. Can be cold and aloof
28. Perseveres until the task is finished
29. Can be moody
30. Values artistic, aesthetic experiences
31. Is sometimes shy, inhibited
32. Is considerate and kind to almost everyone
33. Does things efficiently
34. Remains calm in tense situations
110
35. Prefers work that is routine
36. Is outgoing, sociable
37. Is sometimes rude to others
38. Makes plans and follows through with them
39. Gets nervous easily
40. Likes to reflect, play with ideas
41. Has few artistic interests
42. Likes to cooperate with others
43. Is easily distracted
44. Is sophisticated in art, music, or literature
BFI scale scoring as denoted by BFI item number (“R” denotes reverse-scored items):
Extraversion: 1, 6R, 11, 16, 21R, 26, 31R, 36
Agreeableness: 2R, 7, 12R, 17, 22, 27R, 32, 37R, 42
Conscientiousness: 3, 8R, 13, 18R, 23R, 28, 33, 38, 43R
Neuroticism: 4, 9R, 14, 19, 24R, 29, 34R, 39
Openness: 5, 10, 15, 20, 25, 30, 35R, 40, 41R, 44
B.6 Motivation
As mentioned in section 2.1.7 the motivation measure consisted of 6 items. These items
were:
1. It is very important that I get a high grade in Introductory Physics.
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2. If available, I would complete ungraded assignments to help me learn the course ma-
terial in Introductory Physics.
3. Compared to the other courses I’m taking, Introductory Physics is very important to
me.
4. It is important to me that I do better than most other students in Introductory Physics.
5. It is very important that I have a strong understanding of the material in Introductory
Physics.
6. It is very important that I’m familiar with the content from Introductory Physics to
be successful in my future career.
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Table B.1: Full results from the validation of sense of belonging factor structure.
lavaan 0.6-4 ended normally after 38 iterations
Optimization method NLMINB
Number of free parameters 19
Used Total
Number of observations 1224 1228
Number of missing patterns 2
Estimator ML Robust
Model Fit Test Statistic 51.344 40.679
Degrees of freedom 8 8
P-value (Chi-square) 0.000 0.000
Scaling correction factor for the Yuan-Bentler correction (Mplus variant) 1.262
Model test baseline model:
Minimum Function Test Statistic 2999.889 1892.406
Degrees of freedom 15 15
P-value 0.000 0.000
User model versus baseline model:
Comparative Fit Index (CFI) 0.985 0.983
Tucker-Lewis Index (TLI) 0.973 0.967
Robust Comparative Fit Index (CFI) 0.986
Robust Tucker-Lewis Index (TLI) 0.974
Loglikelihood and Information Criteria:
Loglikelihood user model (H0) -8889.088 -8889.088
Scaling correction factor for the MLR correction 1.427
Loglikelihood unrestricted model (H1) -8863.415 -8863.415
Scaling correction factor for the MLR correction 1.378
Number of free parameters 19 19
Akaike (AIC) 17816.175 17816.175
Bayesian (BIC) 17913.263 17913.263
Sample-size adjusted Bayesian (BIC) 17852.911 17852.911
Root Mean Square Error Approximation:
RMSEA 0.067 0.058
90 Percent Confidence Interval 0.050 - 0.084 0.043 - 0.074
P-Value RMSEA <= 0.05 0.051 0.188
Robust RMSEA 0.065
90 Percent Confidence Interval 0.046 - 0.085




Observed information based on Hessian
Standard Errors Robust.huber.white
Latent Variables:
Estimate Std. Err z-value P(>|z|) Std.lv Std.all
Belong =∼
fit_physics 1.000 0.982 0.853
blng_physics 0.708 0.047 15.005 0.000 0.696 0.698
pr_cmfrt_physics 0.816 0.035 23.633 0.000 0.801 0.821
prf_cmfrt_physics 0.658 0.037 17.782 0.000 0.646 0.691
Concern=∼
uncrtn_physics 1.000 1.264 0.955
prfrm_physics 0.799 0.042 18.954 0.000 1.010 0.697
Covariances
Estimate Std. Err z-value P(>|z|) Std.lv Std.all
Belong ∼ ∼ Concern -0.785 0.055 -14.379 0.000 -0.632 -0.632
Intercepts:
Estimate Std. Err z-value P(>|z|) Std.lv Std.all
.fit_physics 4.301 0.033 130.650 0.000 4.301 3.734
.blng_physics 4.630 0.035 130.518 0.000 4.630 4.650
.pr_cmfrt_physics 4.593 0.028 164.686 0.000 4.593 4.707
.prf_cmfrt_physics 4.721 0.027 176.669 0.000 4.721 5.050
.uncrtn_physics 2.949 0.038 77.947 0.000 2.949 2.228
.prfrm_physics 3.365 0.041 81.317 0.000 3.365 2.324
belong 0.000 0.000 0.000
concern 0.000 0.000 0.000
Variances:
Estimate Std. Err z-value P(>|z|) Std.lv Std.all
.fit_physics 0.362 0.036 10.181 0.000 0.362 0.273
.blng_physics 0.508 0.061 8.319 0.000 0.508 0.512
.pr_cmfrt_physics 0.310 0.027 11.520 0.000 0.310 0.326
.prf_cmfrt_physics 0.457 0.030 15.270 0.000 0.457 0.523
.uncrtn_physics 0.154 0.076 2.036 0.042 0.154 0.088
.prfrm_physics 1.077 0.071 15.184 0.000 1.077 0.514
belong 0.965 0.062 15.541 0.000 1.000 1.000













During the spring semester, students who earned an A in Introductory Physics I in the
Fall were invited to apply for a peer leader position as well as anyone enrolled in upper
divisional physics courses. Since the PLTL program was new, several modifications were
made from the standard PLTL model [5]. At first, the application process followed the
standard PLTL model[5]: students submitted an application explaining their interest in and
qualifications for peer leadership, plus a recommendation letter. While typically from here
students would participate in an interview with a course instructor and two current peer
leaders, our program had no current peer leaders. Therefore our applicants participated in a
group interview with two members of the introductory physics teaching team and a current
peer leader from elsewhere in the university. These university peer leaders were selected
from other department PLTL programs and academic success/learning centers.
The recruiters focus on creating a peer leader team that is gender balanced and includes a
diverse set of background characteristics. This provides students the opportunity to see peer
leaders that represent a range of identities. New peer leaders are required to perform the
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following: sign a contract to facilitate two-hour weekly PLTL meetings the following fall; reg-
ister for the two mandatory training courses; and participate in PLTL evaluations. New peer
leaders that perform well in Introductory Physics II, and are effective in their PLTL duties,
are invited to continue as peer leaders the following semesters. A monetary compensation
of $20 per hour is given to all peer leaders for facilitating their PLTL sessions.
As previously stated, in order to ensure that peer leaders have the skills necessary to effec-
tively facilitate collaborative problem-solving, they are required to participate in two training
courses. The first course, Seminar in Academic Mentoring (SAM), focuses on professional-
development training and is taken one-time by first-semester peer leaders for one-credit.
SAM is taught by the PLTL coordinator in one-hour weekly sessions and provides an op-
portunity for new peer leaders to explore common challenges faced during group facilitation.
Potential strategies and solutions are derived from the instructors’ expertise, education and
psychology literature, and group brainstorming.
Additionally, a two-credit general studies course called Practical Applications of Aca-
demic Mentoring (PAM) is also required for every semester in which a peer leader facilitates
a group. PAM is taught by the PLTL coordinator and meets two hours per week. The goal
of this course is to prepare peer leaders for any issues that may arise during their upcoming
PLTL session. This is accomplished by having the peer leaders work through the problems
as a group prior to their individual PLTL sessions. Other activities covered in the PAM
course includes writing reflections about their group’s problem-solving sessions, observing
their fellow peer leaders’ sessions, interviewing new peer leaders, and helping to develop
PLTL content.
C.2 PLTL Problems
Below are sample non-ideal PLTL problems that were given out in Fall 2018. Each of
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these problems highlights the complexity that goes into designing ideal PLTL problems. One
issue not addressed by these examples is the importance of connecting the problem sets to
material covered in the lecture. For example, in Fall 2018 there was one week where half
of the problems in a set weren’t covered in lecture that week, because the lectures occurred
off schedule. This example highlights the importance of reflecting on and re-evaluating the
PLTL problem sets in response to what’s actually happening in the course.
Figure C.1: Sample non-ideal problem-solving template PLTL Problem given out during the
Fall 2018 semester. For problems using problem-solving template students had to model,
visualize, solve and assess the problem. This problem highlights the importance of having a
coordinator develop the sets in close coordination with the instructor. This exact problem
was already covered in lecture which led to the students not discussing or communicating
with each other and simply writing down the solution.
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Figure C.2: Sample non-ideal PLTL problem given out during the Fall 2018 semester. This
question has a straightforward solution with few alternative ways of solving the problem.
This meant when students struggled, it was difficult for the peer leaders to find questions to
ask the PLTL participants that did not give away the entire solution.
Figure C.3: Sample non-ideal PLTL problem given out during the Fall 2018 semester. In
this problem the PLTL participants didn’t understand what the question was asking. At
this point in the course torque had just been introduced so having a question with confusing
wording and a largely unhelpful diagram proved more challenging than intended.
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Figure C.4: Sample non-ideal PLTL problem given out during the Fall 2018 semester. This
problem required a significant amount of calculation. This caused students to spend more
time focusing on the math, and how to apply it correctly, rather than the physics and




The following appendix contains the full descriptive statistics and main inferential statis-
tics adjusted means and PLTL group differences for Analysis I and Analysis II.
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D.1 Analysis I & II Main Inferential Statistics Effect
Sizes
Table D.1: Analysis I and II main inferential statistics adjusted means and PLTL group
differences.
No PLTL PLTL
Pre Post ∆ Pre Post ∆ ∆PLTL −∆No PLTL
A1: Exam Average — 79.700 — — 82.900 — 3.200
A1: FCI 0.648 0.686 0.038 0.627 0.709 0.082 0.044
A1: Solving Approach 0.718 0.686 -0.032 0.778 0.792 0.014 0.046
A1: Learning Approach 0.505 0.527 0.022 0.461 0.528 0.067 0.045
A1: PLC — 0.508 — — 0.479 — -0.029
A1: NS — 0.428 — — 0.406 — -0.022
A1: Growth Mindset 31.400 31.100 -0.300 31.400 31.100 -0.300 0.000
A1: Perceived Belonging 4.570 4.380 -0.190 4.690 4.640 -0.050 0.140
A1: Belonging Uncertainty 3.000 3.090 0.090 3.070 3.070 0.000 -0.090
A2: Exam Average — 78.300 — — 79.900 — 1.600
A2: FCI 0.612 0.643 0.031 0.595 0.677 0.082 0.051
A2: Solving Approach 0.701 0.648 -0.053 0.756 0.766 0.010 0.063
A2: Learning Approach 0.473 0.458 -0.015 0.435 0.500 0.065 0.080
A2: PLC — 0.489 — — 0.458 — -0.031
A2: NS — 0.418 — — 0.394 — -0.024
A2: Growth Mindset 30.600 30.900 0.300 31.100 30.900 -0.200 -0.500
A2: Perceived Belonging 4.400 4.290 -0.110 4.630 4.580 -0.050 0.060
A2: Belonging Uncertainty 3.210 3.280 0.070 3.170 3.210 0.040 -0.030
120








































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































In addition to the work displayed in the dissertation regarding PLTL in introductory
physics, I have worked or am currently working on various other projects. In the following
sections I will briefly describe my other projects.
E.1 Assessing and Improving Students’ Problem Solv-
ing Processes
Commonly used assessments such as the Force Concept Inventory (FCI)[26] and exam
performance measure only the correctness of answers. This ignores potentially important
markers of student understanding such as being able to construct helpful visual representa-
tions and evaluate plausibility. To this end, my collaborators and I developed a quantitative
problem solving assessment and reliable rubric to measure and evaluate how well students
are able to carry out the components of problem solving [127].
After establishing that the problem-solving assessment and FCI were only weakly corre-
lated and thus likely tap distinct aspects of student understanding, we evaluated if interactive-
engagement (IE) courses (vs. lecture-based instruction) would produce larger gains in con-
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ceptual knowledge and problem solving ability [127]. As expected, the IE-based course
produced more robust gains on the Force Concept Inventory (FCI) than the lecture course.
By contrast, there was no advantage for IE-based physics on gains in quantitative problem
solving. This finding has important implications, as it highlights that improved conceptual
understanding does not necessarily support improved quantitative physics problem solving,
and it reinforces formal theoretical models along those lines [128, 129].
To better understand these results, I took a closer look at the components of the assess-
ment. The most notable finding was that students struggled to determine what concept(s)
were needed to solve the problem. I conducted a literature search that showed that having
students practice sorting problems based on underlying principles helps them realize the
important underpinnings [125]. Therefore, I led the development and implementation of
new homework problems that explicitly required students to categorize the problems based
on underlying principles and did not require a quantitative solution. This ongoing study
is particularly important as it could show that small instructional/pedagogical changes can
benefit students’ problem solving in substantial ways.
E.2 Measuring Students’ Relational Knowledge Struc-
tures for Physics Concepts
An especially novel line of my research, which was briefly described in the Section 2.1.3
of this dissertation, involves the adaptation of a cognitive-science technique to measure
students’ relational knowledge structure for physics concepts [27]. This measure requires
students to rate the similarity of pairs of concepts using a Likert scale, then uses those
ratings to generate the knowledge structures. Notably, this measure creates a graphical
representation of a student’s knowledge structure (i.e., the way the student organizes and
links together individual concepts) revealing misconceptions in students understanding of key
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physics constructs. For example, Figure E.1 below shows a student’s knowledge structure
next to that of an expert. Concepts that are more highly related have shorter links then
concepts that are unrelated. Prominently, this student has fundamental misconceptions
related to energy, as the student’s knowledge structure shows no connections among kinetic
energy, potential energy, and work. This demonstrates one use of the measure—–it allows
instructors to identify student misconceptions and consider how these misinterpretations
could be avoided or corrected through modifications to the curriculum.
Figure E.1: Sample student knowledge structure (a) and experts’ knowledge structure (b).
Concepts that are more highly related have shorter links then concepts that are unrelated.
Comparing the linkage between the two figures, this student has fundamental misconceptions
related to energy, as the student’s knowledge structure shows no connections among kinetic
energy, potential energy, and work like the experts’ does. Figure reproduced from [27].
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In addition to the graphical representation, this measure also quantitatively indexes
the similarity between a student’s knowledge structure and an expert-generated knowledge
structure. I used this quantitative index to explore how knowledge structure related to
conceptual understanding, as measured by the FCI. I discovered that knowledge of the
relationships among concepts (i.e., knowledge structure) uniquely predicts students’ level
of conceptual understanding at the end of the semester [27]. This result constitutes an
important addition to the research literature, providing a new diagnostic for identifying
students who are more and less expert-like in their physics’ knowledge. For more information
about the specifics of this research and the program used to generate the graphical relations
please see Ref. [27] and Ref. [130].
E.3 Role of Equity and Inclusion in Learning Physics
Another important line of my research is studying how equity and inclusion play a role
in learning physics. In particular, I am concerned that underrepresented student groups
do not feel included in introductory physics, and that their experiences undermine learning
and performance, thereby contributing to achievement gaps. Growth-mindset interventions
have been shown to selectively help underrepresented student groups and close such gaps
because they convey that struggles and setbacks are not reflective of limited intelligence (and
identity) but rather a need for more effort and adaptive study strategies [74].
Building on that work, my collaborators and I developed a growth mindset intervention
that had both a growth mindset and control condition in which students are pseudo-randomly
assigned. Mindset participants received an article that describes the brain as malleable,
such that new connections can be grown and strengthened through effortful practice [72].
In contrast, the control participants received an article that illustrates how the fundamental
concepts they are learning in class relate to the real-world applications. This control article
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showed them how seemingly basic physics concepts can provide the foundation for advanced
problem solving and cutting-edge research, without addressing participants’ mindsets and
self-perceptions.
Initial results showed no difference between conditions. We hypothesize that this was
because the control article was a utility-value intervention. Utility-value interventions are
designed to foster student interest in course content and improve academic performance by
helping students find personal value in the material. Because the control article highlighted
how the material in introductory physics relates to/has value for real-world applications, it
may have functioned as a utility-value intervention. We are currently working on adapting
the control article so that it is orthogonal to both students’ mindsets and their interest
in the course. This redesign may clarify whether a growth mindset intervention can close
achievement gaps and promote persistence in STEM courses.
Furthermore, to determine if the growth-mindset intervention and other pedagogical
changes actually help increase inclusion, we need tools to help us measure what is happening
in the classroom and how students are perceiving it. To address the first question, classroom
observations can be used to document instructor and student behaviors. To that end, my
collaborators and I have adapted a classroom observation protocol, OPAL [131], so that it
not only captures the level of active learning in the classroom, but also the level of inclusion.
Specifically, this adaptation records instances of individual participation and the speakers’
perceived genders, in order to examine gender equity and location in the room. Drawing
on these observations, I then provide one-on-one meetings with faculty to document their
teaching and provide strategies to improve the inclusivity of the classrooms.
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E.4 Introductory Curriculum for Electricity and Mag-
netism
Physics instructors have long debated what exactly should be taught in the introductory
physics sequence. In this line of my research, I am investigating the impact of removing
topics from the course content in order to cover more complex concepts in more depth.
Specifically, I am comparing two approaches to teaching Electricity and Magnetism: one
approach is to teach special cases of magnetism rules like Ampere’s Law and spend less time
on more general rules like the Biot-Savart Law. The other approach is to not teach special
cases and instead spend more time on general rules. Currently I am comparing these two
approaches, and crucially I am assessing not only course performance and concept-inventory
(BEMA) [132] scores, but also quantitative problem solving. Notably, I have extended the
quantitative problem solving assessment and rubric from mechanics [127] to electricity and
magnetism. This study will illuminate how sacrificing some breadth of content for greater
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